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ABSTRACT

Abstract of thesis entitled:

Developing a BIM-Based LCA Approach for Cost-Effective Lifecycle Optimization

of Building Energy and Carbon Emissions

Submitted by: Mark Kyeredey Ansah

For the degree of: Doctor of Philosophy

at The Hong Kong Polytechnic University in June 2022

This thesis aims to develop a Building information Modelling (BIM)-based design assessment
approach with an application to the whole lifecycle design and optimization of the energy use,
carbon emission, and economic performances of buildings. Current life cycle assessment (LCA)
tools are criticized for complex assessment methods, intricate data requirements and
incompatibility with conventional whole building energy simulation tools. Therefore, an LCA
approach based on the BIM and optimization framework is proposed to improve the integration
of a holistic life cycle assessment with the whole building energy simulation which can address
the intrinsic synergy between energy, carbon, and economic performances throughout the entire
lifecycle of buildings. This comprehensive design approach can account for the interactive
effects between different design strategies in different life cycle phases of a building (i.e.
material production, transportation, building construction, building operation, building
maintenance, and end-of-life cycle phases) and enable decision-makers to comprehend the
relative importance of each design strategy in order to deploy them for achieving the optimum

energy, carbon and cost performance.



The functional database, BIM module, and impact estimation module were determined as the
fundamental components to develop the detailed whole lifecycle design assessment model.
After designing the data structure and repository, impact estimation module and BIM module,
BIM models were developed at various assessment levels specific to prefabricated and non-
prefabricated buildings to assess its robustness for evaluating the energy and carbon
performance of buildings using various energy and environmental indicators. The accuracy and
robustness of the model was validated through a comparison with lifecycle assessment results
of the same buildings with conventional tools. The results showed high levels of consistency
and accuracy for various energy use and carbon emission indicators. Prediction accuracy and

swiftness were improved through parametric modelling and data structure.

On top of the BIM-based model, a tier-hybrid uncertainty assessment method was developed to
evaluate the uncertainties specific to the embodied impacts (i.e. material production,
transportation, building construction, building maintenance, and end-of-life phases) of
buildings. The parameter, model, and scenario uncertainties intrinsic to these lifecycle phases
were determined through a comprehensive literature review and characterized using
quantitative and qualitative analyses. LCA parameters with sufficient data from literature and
manufactures were characterized using pure statistical distributions and Monte Carlo
simulations whereas Data Quality Indicator (DQI) method was applied to LCA parameters
without sufficient datasets. The tier-hybrid model was proved reliable given its consistency
with a deterministic LCA. After uncertainty characterization, a propagation model was applied
to understand the relative uncertainties specific to various lifecycle stages and building
materials. After determining the parameter uncertainties, alternative statistical distributions
(lognormal, triangular, normal and uniform) were explored to show the impacts of model
uncertainties. The results of the model/analytical uncertainty imply that the final output

uncertainty is highly correlated with defined probability distributions rather than the uncertainty



characterization method. Hence integrating the pure statistical approach based on adequate data
with the DQI method can reflect uncertainties more precisely. However, the proposed tier-
hybrid approach can increase dispersion of LCA results as pure statistical distributions are

collected from a wide range of sources.

Succeeding the above statistical analysis, a staged design optimization approach was proposed
integrating embodied and operational impacts through the whole building energy simulation
and LCA of passive design parameters as well as building materials and constructions with a
multi-objective optimization. The NSGA-II optimization was conducted to obtain the Pareto
front which demonstrates a trade-off between embodied and operational impacts. Following the
post-optimization analysis and comparison of optimal solution selection methods, the optimal
solution showed energy savings of up to 36.93% when compared with the baseline building.
The BIM-based optimization method was further applied to three other tropical and subtropical

climate cities.

Finally, a novel comprehensive BIM-based energy use, carbon emission and economic
assessment and optimization model as a better alternative to the traditional whole building
energy simulation and conventional lifecycle assessment was established and applied to a
holistic lifecycle building design and assessment. The optimization approach is a single tiered
integrated optimization process with an extensive evaluation of the embodied and operational
impacts of buildings. The operational assessment includes energy use, carbon emission and
economic implications of the building orientation, shape coefficient, window to wall ratio,
external wall, roof and floor thermal resistance, windows U-value, infiltration rate, photovoltaic
configuration. The embodied assessment also includes the corresponding implications of
materials, constructions and energy systems. With the comprehensive BIM-based design model
finalized, different optimization settings were examined to identify the most suitable settings
that balance computational efficiency and optimization productivity. The most suitable settings

v



showed up to 50% reduction in computational time. After a post evaluation of the optimization
results, the final optimum BIM-based lifecycle design achieved 42%, 58% and 32% energy,

carbon and cost reductions, respectively.

A post-optimization exploration is then conducted on confounding factors such as the lighting
density, equipment load, ventilation rate, occupancy gains and occupancy density. In
comparison to the optimized base case design, a low-level internal load scenario can reduce
energy use, carbon emission and cost by 53%, 75% and 59%, respectively whereas a high-level
internal load scenario can increase energy use, carbon emission by 63%, 91% and 68%,
respectively. The BIM-based lifecycle optimization model was further applied to explore the
influence of climate change representative concentration pathways (RCPs) in four scenarios:
RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5. It is shown that global warming will lead to higher
energy use and carbon emissions in tropical regions within the near future, while stringent
mitigation strategies aligned with RCP 2.6 can reverse the trend after two decades. A further
exploration of end-of-life strategies indicates that demolishing, transportation and sorting
processes increase the energy use, carbon emission and cost, while recycling strategies can
reduce such impact especially when extensively adopted. The BIM-based optimization model
has been successfully applied to both typical mid-rise and high-rise residential buildings and its

modularity allows for applications to other building architypes.

The proposed BIM-based optimization model can be used by researchers, developers,
consultants and engineers to improve the overall lifecycle energy use, carbon emission and
economic performance of buildings. The model bridges the segmentation between operational
and embodied impacts of buildings and provides opportunities to explore the trade-off between
design parameters from a lifecycle perspective. This comprehensive design approach curbs the
surge in embodied impacts during the early design stage when it can be minimized.

Furthermore, the design approach provides great opportunities for low carbon designs in a cost-
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effective approach and is therefore a pertinent step towards reducing the impact of the climate
change. The proposed BIM-based optimization model can be further adapted and extended to

other applications such as retrofitting of existing buildings.
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CHAPTER 1 INTRODUCTION

A holistic environmental performance assessment is underscored globally as an
effective approach to decarbonize building stock towards a carbon neutral future. Hence
increasing efforts are being made to bridge the gap between building energy simulation and
conventional life cycle assessment (LCA). This thesis presents a study on developing a building
information modelling (BIM) based life cycle assessment method for buildings. Its main aim is
to develop a unified method to evaluate the whole lifecycle impacts of buildings in other to
promote holistic lifecycle-based design optimization of buildings. This first chapter introduces
the background to the research which illustrates the setbacks of traditional building LCA,
complexities in integrating with building design process and the significance of developing new
approaches to bridge the gap between building design and LCA. Then, the status of BIM and
prospects of integration with LCA for the advancement of holistic lifecycle performance
assessment of buildings is introduced. Finally, the aim, objectives, framework, and organization

of this thesis are presented.

1.1  Research background

Buildings generate multiple environmental impacts during their various lifecycle phases
as illustrated in Fig. 1.1. On one hand, the manufacture of materials, transportation,
construction, maintenance, demolition, disposal, and recycling often known as the embodied
impacts requires large amounts of energy with catastrophic implications for carbon emissions
[1]. On the other hand, large amount of energy is used for cooling, lighting, equipment and
ventilation during the use phase often known as operational impacts with corresponding
greenhouse gas (GHG) emissions [2]. LCA and building energy simulation can be used by
architects, engineers, and researchers to evaluate and mitigate the environmental impacts of the

former and latter, respectively to decarbonize building stock globally [3,4].



Life Cycle
Assessment
of Building

Fig. 1. 1 Life cycle phases of building [5]

In the past decades, building energy simulation has been a global focus supported by a
boom in energy efficiency initiatives, policies and regulations which were based on the notion
that operational impacts contribute up to 80% of the total lifecycle impacts of buildings [6].
Many building stakeholders resorted to the application of passive design techniques to reduce
energy use and carbon emissions during the operational phase of buildings [7-12]. However,
this inadvertently increases the embodied impacts of buildings. For instance, some studies
reported that the embodied impacts in low energy/passive buildings contribute to as high as
50% of the overall lifecycle impacts which is very significant in comparison with up to 20% in
conventional buildings. The distribution of embodied and operational impacts for conventional
and low energy buildings which illustrates the increasing share of embodied energy in

passive/low energy buildings [13-16].

Governments and other agencies around the world have expressed renewed interest in

new building construction given the steadily increasing housing deficits [17,18]. Thus, more
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residential buildings are expected to be constructed with critical impacts on the environment.
In the absence of stringent mitigation strategies, the embodied impacts of buildings are expected
to exceed operational impacts as projected in Fig. 1.2. To reduce the environmental impacts of

buildings throughout all lifecycle phases, a steady increase in the use of whole building LCA is

observed globally.
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Fig. 1. 2 Projection of embodied vs operational energy [19]

Although LCA is promising to mitigate the environmental impacts of buildings, it is
seldom performed by building stakeholders such as architects, designer, and engineers during
the design process. Quite often, conventional LCA methods which are complicated by their
intricacy, numerous parameters, and data requirement for the various life cycle phases of
buildings are used [20-22]. Hence, it is often performed in hindsight to satisfy or gain green
building accreditation but without any potentials for environmental performance improvement.

The challenges of conventional LCA is multi-faceted and spotlighted as limitations to



integration of LCA into an iterative design process. For instance, most conventional LCA tools
such as GaBi and SimaPro are not interoperable with building design tools. To import data from
the design tools to LCA tools, there is the need for semi-automated methods or manual input of
data which requires significant amount of data and often leads to errors [4]. Even in the case of
semi-automated transfer of data using quasi-methods, there is often loss of data which is a
deterrent to most architect and designers. A couple of iteration between tools will lead to huge
data loss and require manual corrections if recognized, otherwise lead to huge errors, and make

the results of the analysis unreliable [16,23].

The transitioning to sustainable buildings has been accompanied by the emergence and
application of digital technologies. One such technology is BIM, which has been widely
explored in sustainability assessment [24,25]. BIM is a digital representation of a physical
facility which serves as a repository for multidisciplinary data. It also has inherent capabilities
to manipulate and generate data required for a wide range of building assessments [26-28]. In
this context, the integration of BIM and LCA provides many opportunities to improve whole
lifecycle assessment of buildings [4]. BIM-based LCA can mitigate challenges of conventional
LCA process, which is time-consuming, costly and involves manual data entry [29]. It is
therefore important to leverage this opportunity to promote different approaches for BIM-based

LCA.

Recently, there has been some attempts to integrate BIM with LCA. However, they have
mostly been limited to the use of BIM tools for quantity takeoffs, and semi-automated transfer
of data. There are limitations to assessment within BIM tools such as lack of integration
methods, prolonged computation time, and impractical assessments due to the structure of
database and assessment models. Besides the assessment of embodied impacts, there are also
limitations to joint evaluation of operational impacts within BIM tools. Most LCA are
performed separately from the building energy simulation. Since the operational and embodied
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impacts are correlated, a nonparallel assessment may limit the opportunities to optimize the
whole lifecycle performance of buildings. Thus, it has become necessary to develop methods
for parallel assessment of both operational and embodied impacts in a joint workflow.
Conceivably, such methods will provide opportunities for fast real-time automated workflows
required by architects, engineers, and designers to improve the whole lifecycle performance of

buildings.

Beside the challenges of integrating LCA within building design process, LCA in itself
is further complicated by the wide range of architypes such as residential, office, scientific, and
educational buildings. Even within each architype, buildings might vary in design components,
and therefore construction processes [30]. Furthermore, every component has different
performance requirements and customizable materials [21,31]. Accordingly, the material
production phase of a building is deemed a complex process. In the construction phase, each
material transported to the site has different assumptions in transportation modes, loading
factors, and energy requirements. Also, onsite construction involves numerous construction
processes and workflows with different equipment and amount of time based on the complexity
of works to be accomplished [32,33]. During the use phase, each material has varying technical
performances, requiring different replacement schedules, based on their service life [34]. At the
end-of-life phase, different management strategies can be applied, assuming unique
demolishing or deconstruction processes and recycling, landfill, or reuse [35]. These
complexities in each lifecycle phase increase assumptions for processes in building LCA. The
results obtained are largely inaccurate due to uncertainties caused by lack of data and
assumptions. Uncertainties introduced in LCA process involve parameter uncertainties,
scenario uncertainties and model uncertainties which are being spotlighted owing to the

inaccuracies induced in building LCA results.



1.2 Research aim and objectives

Life cycle assessment is increasingly promoted as a method to improve the
environmental performance of buildings towards the global goal of achieving carbon neutrality.
A major concern among architect, designers, and engineers in performing building LCA is the
limitation of integrating conventional LCA within the building design process. Conventional
LCA has been introduced to facilitate the implementation of sustainable construction building
practices. However, the introduced methodologies are criticized for their non-interoperability
with existing building design tools, unparallel evaluation of embodied and operational impacts,
slow assessment process, errors due to manual entries of large amounts of data, and
uncertainties induced by the lack of data, evaluation model and scenarios. In view of these
flaws, a robust BIM-based method founded on automated assessment of the embodied impacts
of buildings in BIM tools, parallel whole lifecycle assessment, comprehensive design
optimization and uncertainty analysis is proposed in this research. The main research objectives

are outlined as follows:

1) To develop an automated BIM-based LCA method within a comprehensive assessment
framework for the embodied impacts of buildings. A structured approach integrating
various lifecycle phases and systematic zoning of buildings according to different
assessment levels including components, assemblies, and whole buildings is proposed. A
data repository structure, BIM module, impact estimation module is determined to optimize
performance and minimize computational resource requirement within the BIM framework.

2) To construct a generic building model with different assumptions of building levels and
systematic configurations, life cycle phases, environmental impact assessment methods in
a BIM environment to generate life cycle impacts when design parameters are varied in real

time. High-rise and mid-rise residential buildings in Ghana and Hong Kong are adopted as



3)

4)

5)

target buildings for the systematic evaluation of the developed BIM-based lifecycle
assessment.

To develop a tier-hybrid uncertainty assessment approach to evaluate parameter, model,
and scenario uncertainties in the life cycle of buildings. The integration of pure
quantitative/statistical and qualitative/data quality indicator (DQI) approaches is proposed
to characterize parameters uncertainties in the embodied impacts of buildings. Proper
assumptions are also modelled to assess the influence of model and scenario uncertainties.
Monte Carlo approach will be adopted to propagate parameter, model, and scenario
uncertainties in the embodied impacts of buildings.

To conduct a robust whole lifecycle optimization approach for the embodied and
operational lifecycle phases of buildings. Multi-objective optimization will be integrated
with building energy simulation and LCA to explore the optimal building configuration
process in an iterative design process. The optimization of whole life cycle performance
will integrate passive design strategies and renewable energy integration to explore the
trade-off between embodied and operational impacts.

To propose a BIM-based parametric technical and economic lifecycle optimization
framework to achieve optimal environmental performance of buildings in a cost-effective
approach. Multi-objective optimization will be performed from an energy, environmental
and economic approach. A detailed technical and economic assessment with application to
the passive design and renewable energy integration will be performed for a mid-rise
building in Ghana. The holistic optimization process will also account for the impacts of
confounding factors and climate change in the whole lifecycle design and optimization

process.

This comprehensive BIM-based LCA study on whole lifecycle design in buildings can help

stakeholders such as architects, designers, engineers and researchers to evaluate the



environmental performance of buildings in a cost-effective approach while considering passive
design strategies and renewable energy applications. This systematic approach can also provide
the basis for the integration of further assessment criteria and analyses to accelerate the

development of buildings towards carbon neutrality.

1.3 Organization of the thesis

Following the above introduction and research objectives, Chapter 2 presents a
comprehensive literature review of existing BIM-based LCA studies, uncertainty
characterization and analysis methods, BIM-based LCA design optimization, low energy and
low carbon design strategies and novel facade systems used in Ghana. Specific research gaps
are identified in the concluding subsection. The overall framework of the thesis on BIM-based
lifecycle design optimization for low carbon buildings is illustrated in Fig. 1.4. It includes the
BIM-based LCA design methodology, uncertainty assessment method and optimization method
(Chapter 3), automated assessment and validation on a prefabricated high-rise building in Hong
Kong and a comparative assessment of different facade systems in Ghana (Chapters 4-5), tier-
hybrid uncertainty analysis for a high-rise residential building in Hong Kong (Chapter 6), and

multi-objective optimization of energy, carbon and cost of buildings in Ghana (Chapters 7-8).

Chapter 3 details the various aspects of the modelling approach to develop a
comprehensive BIM-based LCA and optimization framework. This approach begins with the
framework for the BIM-based LCA which comprises of a data repository, BIM module and
impact estimation module. The assessment method is realized in a computational tool with
systematic assessment levels and multiple impact assessment methods. Furthermore, a tier-
hybrid uncertainty analysis method which incorporates gquantitative and qualitative analysis

prior to uncertainty propagation is illustrated.
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Finally, an optimization framework incorporating LCA, and life cycle costing (LCC), multi-

objective optimization, passive design strategies and renewable energy systems is presented.

Chapter 4 focuses on operationalizing the developed BIM-based LCA methodology for
the embodied impacts of a prefabricated high-rise building. Detailed simulation assessments
are performed at various levels of assessment including whole building levels, flats, assemblies,
and components. The embodied impacts are also evaluated according to the various lifecycle

phases and different environmental impact categories.

To further validate the robustness of the developed model, Chapter 5 details a
comparative assessment of novel fagade systems with reference to a conventional facade system
used in Ghanaian residential buildings. Simulation assessments are performed to evaluate the
embodied and operational performances of the various fagade systems in terms of energy and
carbon criteria. Further scenarios analyses are also performed to improve the performance of

all fagades including economic assessment.

Chapter 6 presents the results of a tier-hybrid uncertainty analysis of a high-rise
building in Hong Kong. Uncertainties in the various life cycle phases and materials are
characterized using quantitative and qualitative approaches followed by uncertainty
propagation. A deterministic LCA is first performed to validate stochastic propagation of
parameter, scenario, and model uncertainties. Parameter uncertainties due to lack of data or
variations in LCA data are quantified. In addition, uncertainties which occur due to scenario
assumption and the uncertainty evaluation model are also quantified. Furthermore, potential
for performance improvement is also evaluated through alternative materials and end-of-life

cycle processes of the case building.
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By incorporating an optimization process into the developed BIM-based LCA method,
a two-staged multi-objective optimization with considerations for embodied and operational
impacts is performed on a mid-rise Ghanaian residential building in Chapter 7. The first stage
entails the optimization of geometry and renewable energy systems followed by an optimization
of the trade-off between embodied and operational impacts with reference to the thermophysical

properties of building envelope materials.

Based on the previous optimization incorporated into the BIM-based LCA, chapter 8
proposes a robust computational multi-objective optimization to identify cost effective low
energy and carbon building design solutions to mitigate environmental impact and climate
change. Lifecycle assessment is integrated with life cycle cost assessment and multi-objective
optimization to optimize passive design parameters and renewable energy systems throughout
the lifecycle of buildings. Post-analysis including confounding factors such as building

occupancy loads and climate change representative concentration pathways are also performed.

In conclusion, Chapter 9, highlights the main findings and limitations of this thesis while

making suggestions for future work.
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CHAPTER 2 LITERATURE REVIEW
This chapter presents a comprehensive literature review on developing BIM-based LCA
methods for buildings which include integration frameworks, optimization methods, and LCA

uncertainty research. Research gaps are outlined based on the literature review.

2.1 Integration of BIM and LCA for buildings

The integration of BIM and LCA of buildings has been explored in recent studies [36].
BIM-based LCA can mitigate challenges of conventional LCA process, which is time-
consuming, costly and involves manual data entry [37]. Previous studies have leveraged this
opportunity to promote different approaches for BIM-based LCA. One group of studies has
simplified lifecycle inventory (LCI) by extracting bill of quantity (BOQ) from BIM tools.
Basbagill et al. [38] integrated BIM and LCA to evaluate the embodied impacts of building
components. The study exported data from a conceptual level building modeler (DProfiler) and
conventional LCA tool (SimaPro) to perform LCA manually in Excel. Although the study
provided a method to visualize the embodied impacts of building components, the proposed
tools were not computationally integrated. Furthermore, the conceptual level builder provides
very limited design exploration other than type of materials and thicknesses. Georges et al. [39]
integrated Revit and SimaPro to investigate the operational and embodied emissions of
materials for a net-zero emission building. The length, area and volume of materials and
components were exported from Revit to Excel for LCA computations using SimaPro.
Likewise, the study did not achieve any computational integration of LCA within BIM. Hao et
al. [40] proposed a BIM-based approach to evaluate the carbon emissions during the material
manufacturing stage of prefabricated buildings. However, BIM tools (GGJ2013 and GCL2013)
were primarily used to generate Bill of quantities for structural and steel works of the buildings.
The study did not illustrate any integration of BIM and LCA to evaluate carbon emission of

prefabricated buildings. Peng [41] proposed carbon accounting method for the buildings using
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Revit BIM and Ecotect LCA tool. The study only leveraged BIM to generate Bill of Quantities
(BoQs) for LCA whereas Ecotect was used to simulate the energy consumption of the air-
condition system. Shin et al. [42] detailed the data requirements and integration processes for
BIM-based LCA using ArchiCAD BIM, EcoDesigner and Excel. Although the study provided
a detailed integration process compared to previous study, it still required manual entry of large

LCA data.

Another group of studies defined workflows combining BIM, LCA and other auxiliary
tools to eliminate the manual entry of data. Najjar et al. [43] proposed an automated framework
integrating BIM, LCA and mathematical optimization to improve the improve the selection of
energy efficient building envelopes. The study leveraged Tally and Autodesk Green Building
Studio to evaluate the embodied and operational impacts, respectively. Tally plug-in generated
an inventory of materials which was linked to Gabi LCA database to evaluate the embodied
impacts of construction materials whereas Autodesk Green building studio estimated the
operational impact of different assemblies. Despite, the improved BIM-LCA integration for the
selection of energy efficient materials, it is impractical to evaluate energy envelopes without
considerations for the functionality of the building. Nizam et al. [44] proposed a BIM-based
LCA framework to estimate the embodied impacts from material production, transportation,
and construction of buildings. The study developed an Application Programming Interface
(API) for Revit and used the Inventory of Carbon and Energy (ICE) database to evaluate the
impacts of a case study building. Although the API bridged the disconnect between the BIM
tool and LCA database (MS Access), its development and application is complex which limits
a wide application among industrial professionals. Rezaei et al. [45] developed a BIM-based
LCA framework for both early and detailed design stages of buildings considering material
production, construction, operation and maintenance and demolition phases. The study

developed a functional database of building elements from common materials used in Canadian
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residential buildings and matched them with a related dataset in Ecoinvent LCI manually. After
designing the BIM model, a BOQ is generated and matched with LCI data from the functional
database. The results are then used to perform the LCA in OpenLCA. While the study simplified
the LCA process through a functional data, the execution of LCA outside the BIM framework
limits the usefulness of the integration process especially for an automated optimization
process. Yang et al. [46] developed a BIM-enabled LCA method to evaluate the whole lifecycle
of low carbon building design in China. Revit and Glondon BIM5D tools were used to develop
a BIM model and generate BOQ while eBalance, Ecoinvent and European Life Cycle Database
provided life cycle inventory (LCI) for the study. The BIM model was exported to Design
builder to generate a model for operational energy simulation in EnergyPlus. The developed
BIM-LCA framework involved export of data which might lead to data loss, hence not ideal
for an iterative design process. Zhang et al. [47] proposed a BIM-based LCA method to evaluate
and optimize the embodied energy of building construction in China. The study developed an
API which connected Revit BIM model to a functional database to evaluate the impacts of the
material production, transportation, and construction phases with ICE and other supplementary
data. The proposed model to optimize transportation and construction processes are not intrinsic

to the BIM process, which limits its usefulness in a BIM-based optimization process.

A third group of researchers argues that the inclusion and manipulation of LCA data
within BIM environment is a more effective approach to harness the power of BIM such as real
time LCA during design changes. In this regard, more recent approaches have used visual
programming plug-ins with BIM tools such as Dynamo and Grasshopper. Cavalliere et al. [48]
proposed an approach to structure BIM parameters for LCA of buildings. The proposed
parameters were tested on the materials and component production, construction, maintenance,
and end-of-life phases of the exterior wall of a residential building in Italy. The results showed

that the parameters are sufficient to perform and LCA within the BIM environment in an
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effective way. Hollberg et al. [49] developed a BIM-based LCA tool to evaluate the embodied
emissions of a building through the whole design process. The study linked Swiss LCA
database Okobilanzdaten im Baubereich to Revit using unique identifiers. The LCI data for
each material is then written automatically to the Revit file using Dynamo. Thereafter, a BOQ
Is extracted to compute the embodied emissions of the building elements. Santos et al. [50]
identified the information necessary to propose a BIM-LCA framework for the product,
construction, use and end-of-life stages of buildings. The framework implemented using a
prototype tool and a case study building developed in Revit. The prototype tool identifies
various materials in the building and evaluates their impacts by matching an appropriate LCI
data from Belgium environmental product declarations (EPDs) or Ecoinvent database to the
materials. Although the study provided a detail background knowledge to develop BIM-based
LCA tool, the required processes are complex and may deter widespread application among
practitioners. Shadram et al. [51] developed a BIM-based optimization framework to reduce
the embodied and operational energy of buildings. The study developed an input-output
interface using Dynamo to extract building element and properties, write information and
estimate embodied energy using Inventory of Carbon and Energy (ICE) LCI data. On the other

hand, Grasshopper was used to simulate the operational energy performance.

Table 2. 1 Comparison of characteristics of previous BIM-based LCA studies

Level of LCA stages BIM LCA LCI Applica- | Reference
integration Tool and Tool Database tion site
LCA
tools
Materials DProfiler | SimaPro Norway | [38]
production, , & EQuest
construction,
maintenance
repair and
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Level of
integration

LCA stages

BIM
Tool and
LCA
tools

LCA
Tool

LCI
Database

Applica-
tion site

Reference

replacement,
demolition.

Materials
production &
building
operation

Revit

Excel,
SimaPro

Ecoinvent,
Environmenta
| Product
Declarations

[39]

Materials
production,
transportation,
construction

GGJ201
3&
GCL201
3

National
Greenhouse
Gas Inventory
Guidelines

China

[40]

Material
production,
transportation,
construction,
operational &
demolition

Revit

Ecotect

National
Greenhouse
Gas Inventory
Guidelines,
Literature

China

[41]

Materials
production,
transportation,
construction,
operation,
maintenance
and repair,
disposal

ArchiCA

EcoDesig
ner, Excel

Korea

[42]

Materials
production,
transportation,
operation,
maintenance
and repair and
disposal

Revit

Autodesk
Green
Building
Studio,
Tally

GaBi database

Brazil

[43]

Materials
production,
transportation,
construction,

Revit

Revit API

ICE database

China

[44]

Materials
production,
transportation,
operation,
maintenance
and end-of-life

Revit

OpenLCA

Ecoinvent

Canada

[45]
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Level of
integration

LCA stages

BIM
Tool and
LCA
tools

LCA
Tool

LCI
Database

Applica-
tion site

Reference

Material
production,
transportation,
construction,
operation,
refurbishment,
demolition and
disposal

Revit
and
Glondon
BIM5D

eBalance

Ecoinvent and
European Life
Cycle
Database

China

[46]

Material
production,
transportation,
and
construction
phases

Revit

API

ICE

China

[47]

product,
construction,
use and end-
of-life stages
of buildings

Revit

API

EPDs &
Ecoinvent
database

Belgium

[50]

Materials and
component
production,
construction,
maintenance,
and end-of-life
phases

Revit

Ecoinvent

Italy

[48]

Materials
production,
waste
processing,
disposal

Revit

Dynamo

Okobilanzdate
nim
Baubereich

Switzerla
nd

[49]

Materials
production,
construction,
operation,
maintenance,
refurbishment
& end-of-life
phases

Revit &
Rhinocer
0S

Dynamo
&
Grasshop
per

ICE

Sweden

[51]
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These studies on developing a BIM-based method for building LCA are summarized in
Table 2.1. Despite these developments, there are several limitations. It is observed that most
studies use BIM to improve the accuracy of materials inventory for LCA but miss the potential
of BIM to store and perform automated LCA. Furthermore, there is the lack of a comprehensive
localized embodied coefficient database for many regions such as Hong Kong and Ghana which
often leads to assumptions in the impact coefficients of different of materials used in building
construction and consequently uncertainties in the LCA results. The use of auxiliary tools often
leads to interoperability issues and consequent loss of data which is counteractive to iterative
optimization processes. Most studies which focus on specific components or life cycle phases
also limit the feasibility of improving the overall lifecycle performance of buildings. Numerous
opportunities exist to develop simple and practical approaches to enhance databases and

repositories, retain data within the BIM process and automate data exchange and computations.

2.2 Design optimization of whole building lifecycle using BIM-based methods.

Design optimization is an effective approach to improve building performance criteria
such as energy use, carbon emission and cost. Over the years, many studies proposed extensive
optimization methods to reduce any or combinations of these criteria during the operational
stage of buildings [52]. Quite often, passive design is a first step to reduce energy use before
the integrating renewable energy systems [53-59]. However, a mere application of passive
design for energy efficiency during the operational phase of buildings is not sufficient to curb
the energy use and carbon emissions from buildings. Recent studies indicate that passive
strategies such as highly insulated envelopes in new construction and retrofits can even increase
embodied energy and carbon related emissions beyond levels which are beneficial [60]. Quite
often, the embodied carbon emission of passive buildings is increased to levels that jeopardize
the transitioning towards improved whole lifecycle performance [61]. This therefore requires

rethinking of building design problems as it has become essential to consider the interaction
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between all passive design strategies on the whole lifecycle energy consumption and carbon
emission of buildings. Also, the implementation of passive design strategies to improve the
energy and carbon performance of buildings affects their economic performance, and therefore
it is necessary to evaluate the economic implications of pathways towards carbon neutrality

[62].

Most passive design optimization studies focus on passive design strategies under fixed
building shapes. A residential building was optimized with non-dominated sorting genetic
algorithm (NSGA-II) by varying the building orientation, envelope insulation, window type,
window-to-wall ratio (WWR), air infiltration rate and renewable energy generation system for
energy use, life cycle cost and thermal comfort criteria [63]. The results showed that WWR, air
infiltration and insulation thickness are the most influential parameters for building energy
consumption. Overall, more than 21% energy saving was achieved for different regions in
Morocco and about 40% of the case building energy consumption can be covered by renewable
energy generation. The cost-effectiveness of the renewable energy systems however depended
largely on the climatic condition. This study did not evaluate the cost of the building envelope
in the economic analysis. A similar study evaluated the glazing types, wall types, WWR and
shading devices for an educational building considering thermal comfort, energy use and
daylight criteria [64]. The optimal results with minimal energy use and maximum visual and
thermal comfort were characterized by a 60% WWR with double or triple glazing. Vettorazzi
et al. [65] optimized the passive house concept for residential buildings in Brazil using a hybrid
evolutionary algorithm based on the Covariance Matrix Adaptation Evolution Strategy (CMA-
ES) and Hybrid Differential Evolution (HDE) considering energy use and thermal comfort
criteria. The study compared the passive house with a reference building stipulated by the
Brazilian national thermal code which showed up to 83% and 86% improvement in energy use

and thermal comfort, respectively. The optimization results indicated preference for high

19



thermal insulation in roofs, envelope walls, ground slabs and the mechanical ventilation system
in a decreasing order. Wang et al. [66] proposed a method to optimize the energy demand and
comfort levels of passive buildings in China. The study explored the thermo-physical properties
of the building envelope, orientation, WWR and external shading devices. A highly reliable
energy and comfort level improvement model integrating the NSGA-I11, sensitivity analysis,
redundancy analysis and gradient boosted decision tree was achieved in reducing energy use
and discomfort by 88% and 63% respectively. However, the economic analysis performed was
not integrated into the optimization. Another study optimized a residential building with
NSGA-II by varying the external wall thermal resistance and specific heat, window to ground
ratio and U-value of windows, overhang projection fraction, infiltration airmass flow
coefficient and building orientation for thermal comfort, daylighting, and natural ventilation
criteria [67]. Lapisa et al. [68] optimized a low-rise commercial building for different climate
zones with NSGA-II by varying the building orientation, solar reflectivity, skylight surface
area, envelope thermal insulation and natural ventilation strategies for energy and thermal
comfort criteria. The results showed that for northern regions of France, the optimal design
solutions have considerably insulated envelopes, standard roofs with high solar absorption and
small skylight areas whereas those for southern regions of France have non-insulated ground
slabs, large skylight areas and reflective cool roofs. The study explored the cost as a selection
criterion for the optimal results rather that integrating it with the optimization. Furthermore,
this was performed for a cold region and results are not representative of buildings in warm/hot
region. Vukadinovic et al. [69] optimized the energy use and thermal comfort of a residential
building in Serbia by varying the WWR, glazing type, wall construction and window shading
using NSGA-I1I. The results showed that for the cold region of Serbia, the WWR influenced
energy use the most. The optimal configuration of the building required triple-glazed window

units, highly insulated external walls and minimal or no external shading devices.
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There are other studies which consider the impact of building shapes and layouts.
D’Agostino et al. [70] proposed a computational workflow to optimise the energy use, cost, and
useful daylight of educational buildings by varying the orientation of the central and lateral
block, WWR, skylight to roof ratio, shading and thermo-physical properties of the building
envelope with NSGA-II. The results of the optimization indicated a strongest influence of the
WWR on the useful daylight illuminance and energy use among all objectives. The study also
proposed a visualization platform to improve the usefulness of the results to stakeholders and
decision makers. Building shapes were optimized to improve the primary energy consumption,
the passive volume ratio and best oriented surfaces in an urban context using a parametric
approach [71]. The results of this approach produced an optimal result at the early design stage
but may be suboptimal when evaluating the whole lifecycle performance. Chen et al. [72]
integrated conventional passive design parameters with photovoltaic facades to explore the
energy conservation potential of a high-rise commercial building using the hybrid generalized
particle search particle swarm optimization (HGPSPSO). The study explored design parameters
including the building orientation, infiltration rate, WWR, shading and the thermo-physical
properties of the building envelope. Furthermore, the study explored some building architypes
and confounding factors such as the building size and shape, urban context and internal heat
gain. Zhu et al. [73] optimized the energy use and useful daylight of rural tourism buildings by
varying the shape and WWR of three architypes using the Strength Pareto Evolutionary

Algorithm (SPEA-2) and the Hypervolume Estimation algorithm (HypE).

Other studies have also attempted to address the environmental performance of
building. For instance, Jung et al. [55] focused on a method to optimize the thermal comfort,
energy use and lifecycle economic-environmental impacts of a high-rise residential building in
Korea by varying the WWR, airtightness, occupancy, window U-value and solar heat gain

coefficient (SHGC), wall insulation, thermal inertia and surface solar absorptance. The study
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identified the airtightness, number of occupants and WWR ratio as the most influential
parameters to all three evaluated criteria. Using NSGA- 11, the results showed a decrease in
energy use and cost by 52.7% and 39.5%, respectively compared to the reference building. For
the environmental impacts, GWP, AP and POCP were decreased whereas ODP and EP were
increased. An uncertainty analysis of the optimal solutions revealed that the optimal energy and
economic design solutions are less sensitive to variations in the future utility cost and
improvement in the energy system efficiency whereas the environmental impacts are more
sensitive to variations in these two. Therefore, more studies are needed to explore the impacts
of the future energy systems, materials production efficiency and climate modelling on carbon
neutrality of buildings. Another study performed a seasonal analysis of the impacts of the
window type, heating/cooling system setpoint and ventilation/window opening type on the
thermal comfort, energy use, environmental and economic performance of buildings [74]. The
results revealed that from spring to summer, building design scenarios with higher setpoint
temperatures and lower U-values improved the energy use and environmental impacts however
it decreased the thermal comfort of occupants. Furthermore, highly insulated windows were
more beneficial in terms of initial investment costs. Kiss et al. [75] optimized the building
envelope, building geometry, and building service components under six environmental impact
categories. Ciardiello et al. [76] developed a two-phase method for the design of residential
buildings in Italy. The first phase involved a geometry optimization by varying parameters such
as the building shape, shape proportion, WWR and orientation, followed by the thermo-physical
properties of the building envelope (glazing systems, insulation, and envelope optics) and PV
and solar thermal panels. The study explored three objectives including energy use, investment
costs and environmental impacts, however, the environmental impacts resulting from variations
in the thermo-physical properties of the building envelope were not studied. Moreover, the

staged optimization can limit the interactive effects of various parameters on the objectives. Xu
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et al. [77] couple the artificial neural network (ANN), NSGA-II and multi-objective particle
swarm optimization (MOPSO) to optimize the daylighting, thermal comfort, energy use and
economic performance of educational buildings in China. The study applied a two-stage process
in which shading devices and thermo-physical properties of the building envelope were
optimized prior to the optimization of the photovoltaic generation system. The results showed
that the NSGA-I11 generated better performing solutions in its Pareto front in comparison to the

MOPSO.

From the literature review, it can be observed studies seldom focus on joint optimization
of the embodied and operational impacts of building. Also, most studies focus on energy use
and thermal comfort while very few studies have focused on the environmental performance of
buildings. Even though a few studies attempted to address the environmental performance of
buildings, most of them evaluated the carbon emissions from electricity use during the
operational phase without considering building construction related emissions. Also, while the
impacts of climate change are profound on the carbon performance of buildings, none of these
studies performed a comprehensive evaluation on the impacts of extreme weather conditions
towards achieving carbon neutrality in buildings. Likewise, the economic aspects have been
largely segmented and there is a lack of studies that perform an exhaustive economic evaluation
of buildings towards carbon neutrality. It is also observed that only few studies have jointly
optimized renewable energy generation systems (e.g. solar photovoltaic (PV)) as building
integrated systems together with the passive parameters. Finally, none of these studies modelled
other confounding factors such as varying internal loads due to occupancy behaviors and

variations in building construction related emissions.

2.3 Uncertainties in the buildings LCA
While many studies have focused on the identification of major sources of embodied
impacts, development of new materials, and minimization of building impacts, few studies
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address the uncertainties in the building LCA process [78]. However, it is necessary to address
the reliability and uncertainties of building LCAs from the perspective of the whole building

lifecycle, individual components/materials or a particular lifecycle phase.

2.3.1 Uncertainties in the material production phase

Many studies have either investigated the material production phase or the entire
building life cycle phase but with a focus on the former due to its high contribution to the
embodied impacts of buildings [79]. Building LCA studies focusing on the material production
have addressed major uncertainty sources including material quantities, embodied coefficients,
materials waste rates, technical densities and system boundaries [80—85]. These studies indicate
that despite the higher contribution of the material production to the total embodied impacts in
buildings, uncertainties are lower compared to other life cycle stages due to the availability of
LCA data. In the context of transportation, assumptions about the sources of materials or
components as well as transportation modes when such data is lacking may lead to large
uncertainties in the transportation stage of building lifecycle analysis [82]. The overall accuracy
of the environmental impact of the transportation phase is contingent on the accuracy of input
data which is hard to achieve due to massive components and materials used in each building
[86]. Given the simplifications applied to the transportation phase, a rigorous uncertainty

analysis should be applied to improve the accuracy of LCA results.

2.3.2 Uncertainties in the maintenance phase

Addressing maintenance issues has become urgent due to the increasing demand of
meeting building performance requirements, new maintenance techniques and complex
maintenance cultures of building operators [87]. However, studies have indicated that there are
high uncertainties associated with the maintenance phase in building LCA due to the
complexities in evaluating the service life of building components [88]. Recent studies have

shown that many factors can influence the service life building components such as the material
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and quality of workmanship, maintenance level, internal and external climate of the building,
building design, technological change, availability of replacement components, legal
requirements, residual value of building and energy efficient renovations [89]. Given the need
to reduce such uncertainties, some studies have tried to improve the accuracy of service life
modelling. For instance, Ferreira et al. [90] developed a method to quantify the impact of
maintenance actions on the components of building envelopes. A probabilistic approach
through stochastic maintenance modelling reveals that a combination of maintenance activities
such as cleaning and minor interventions with total replacement ensures the high performance
of a building component through its service life. Marques et al. [91] applied a factor method to
predict the service life of ETICS through the visual inspection of case buildings and modelling
of the characteristics and degradation of patterns. Shohet et al. [92] developed a framework for
a performance-based maintenance of public facilities which showed consistent improvement in
the performance of facilities during implementation. Mousavi et al. [93] developed a model for
predicting the service life of natural stone cladding with direct fastening systems to aid the
definition of maintenance strategies and rational management systems for heritage buildings.
Another study presents a fuzzy inference system based on the expert knowledge for the
prognosis of the functional service life of buildings [94]. Among these studies for maintenance
uncertainties, two distinct themes are addressed: (i) approaches to predicting the service life of
materials; and (ii) maintenance strategies. Three main approaches are identified in predicting
the service life of building components: (i) accelerated life test in laboratories; (ii) factorial
methods; and (iii) the reference service life based on the documented service life. Also, two
maintenance approaches are identified: (i) planned and unplanned maintenance. Planned
maintenance can be further categorized into preventive, corrective and improvement types. In
order to achieve a realistic maintenance modelling, data accumulated from historical cases are

required. In the absence of such information, most researchers apply the reference service life
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approach. Although the application of service life databases for building components is proven
reliable, some of these databases may be outdated or based on different calculation methods.
To overcome these challenges, the variations in the service life of building components and

materials should be included as uncertainty parameters.

2.3.3 Uncertainties in the construction phase

The construction phase usually receives less attention due to its low contribution to the
total embodied impacts [95]. Researchers often apply simplified approaches when quantifying
the impacts of the construction phase [96]. One example of such simplification is the use of
construction data from previous building projects which induce large uncertainties given the
lack of standardization in construction processes. Hence, interest in uncertainty characterization
of construction phases has been growing because unrepresentative data is often applied to its

impact assessment.

2.3.4 Uncertainties in the end-of-life phase

The end-of-life phase is frequently overlooked when modelling building LCAS since it
contributes least to the total embodied impacts. However, the large amount of demolition and
recyclable materials from high-rise buildings provide numerous opportunities to improve the
environmental performance of buildings. The uncertainties induced in the end-of-life stages
often come from assumptions in end-of-life modelling such as recycling, and demolition
strategies. Chau et al., 2017 and Hossain and Ng, 2020 [97,98] defined scenarios to evaluate
the impact of end-of-life stages but failed to address intrinsic uncertainties of parameters and
assumptions in modelling the end-of-life stages. Given the lack of reliable input data, rigorous
statistical approaches are required for quantifying these uncertainties and increasing the

reliability of LCA results.

Generally, researchers have identified uncertainty sources including variability of data

and characterization models (spatial and temporal), imperfect measurements, incompleteness
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of data, unrepresentativeness of inventory data, normative choices, selected scenarios, technical
performance, functional units, estimation of uncertainties and mathematical relationships [99—
102]. In summary, uncertainty sources can be classified into parameter, scenario and model

uncertainties among which parameter uncertainty is the most commonly addressed.

2.3.5 Evaluating uncertainties in building LCA

To evaluate uncertainties in LCA, it is important to identify the methods to characterize
uncertainties. Uncertainties can be generally characterized statistically using probability
distributions although qualitative descriptions may be applied when historic data are
insufficient. Hence, both quantitative and qualitative methods have been explored in previous
studies. Clavreul et al. [103] identified the fuzzy theory, Tylor series expansion, data quality
indicators (DQI), stochastic modelling, possibility theory, expect judgement and hybrid of two
or more methods in their study. Although the performance of each method can vary depending
on the nature of uncertainties, the positive review of DQI and stochastic modelling has
identified its wide application in building LCA and is therefore incorporated in this research.
In the DQI method, a pedigree matrix is applied to model the underlying uncertainties in a semi-
qualitative fashion, and then propagated quantitatively through stochastic modelling such as the
Monte Carlo simulation [104]. The advantages of this approach include easy implementation,
little computational resource requirements and applicability to a wide range of problems.

However, the solution may be low quality due to human biases in the DQI method.

There has been ample research integrating DQI and stochastic methods. For instance,
Teng and Pan [105] applied a semi-quantitative method which combined the DQI and stochastic
simulation to propagate uncertainties in the LCA of a prefabricated high-rise building. Morales
et al. [88] investigated uncertainties in the maintenance phase of a building using several
scenarios of repairs or replacements. Similarly, DQI is applied to describe input data
uncertainties while Monte Carlo simulation is used to calculate the model output uncertainties.
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Giuseppe et al. [106] analyzed the implication of data availability and quality on LCA of five
insulation systems for historic buildings in Italy. Su et al. [107] performed a probabilistic LCA
of eight insulation materials to evaluate the uncertainties induced by variability of data such as
in the density using the data quality analysis and Monte Carlo simulation. The study also
implemented a sensitivity analysis which reveals that the variability and uncertainty of
parameters can significantly affect LCA results. Robati et al. [108]collected data to determine
the probability distribution of the lifespan, embodied emission and transport distances of 16
materials. A Monte Carlo simulation is then applied to perform a global sensitivity analysis
which reveals uncertainties in the studied materials. Heijungs et al. [109] compared two
uncertainty propagation methods: sampling and analytical methods. Although the sampling
method requires more input data such as the probability distribution and parameters, a detail
output can be generated and subject to rigorous statistical analyses. On the contrary the
analytical method only requires variances but yields very limited results. Nonetheless, the
sampling method requires a huge computational time due to the generation of a huge number

of random variables.

In general, most researchers have adopted semi-quantitative methods in which
qualitative techniques are applied for uncertainty characterization while quantitative techniques
are used for stochastic modelling of uncertainties. This is a progressing research domain due to
the large number of parameters, scenarios and models available. Also, very few studies have
considered using quantitative techniques alone or jointly with qualitative techniques to
characterize uncertainties prior to stochastic modelling. With the significant increase in LCA
data from case studies, it has become possible to adopt rigorous statistical techniques to provide

highly accurate results.
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24 Reducing embodied energy in building

Researchers have investigated the field of embodied impacts of buildings to identify
strategies to reduce the energy use and carbon emissions. Orsini et al. [110] reviewed literature
and summarized the pros and cons of low carbon building strategies such as reusable materials,
alternative materials, local materials, renewable energy sources, increased performances,
correct applications and innovation of production processes. In this regard, some studies have
explored these strategies to reduce the energy use and carbon performance of buildings. For
instance, Robatti et al. [111] and Teng and Pan [112] conducted case studies to explore
measures for reducing embodied carbon such as adopting low carbon concrete, optimizing the
prefabrication rate, and changing the thickness of walls. The results underscore that replacing
ordinary Portland cement with blast furnace slag cement yields the highest carbon savings.
Hossain and Ng [98] compared deviations between building construction emissions using a
localized and generic database. Two emission reduction measures namely alternative concrete
materials and end-of-life processes are explored and proven to effectively reduce carbon
emissions. Gan et al. [113] presented a method to explore the carbon reduction potential of
procurement strategies including the steel manufacturing process, recycling scrap, alternative
cement materials and transportation distances. The results underscore the use of fly ash or slag
for cement in ready-mix concrete, and also the production of steel with high amounts of

recycled scrap in an electric arc furnace.

Xiao et al. [114] evaluated the potential embodied impact reduction by replacing natural
aggregate concrete with recycled aggregate concrete in case study approach showing significant
reductions in both the energy use and carbon emission. AzariJafari et al. [115] investigated the
potential environmental impacts of alternative concrete mixtures when exposed to high
temperatures, where a reduction in environmental impacts was achieved by using pozzolanic

materials. Kurda et al. [116] presented an approach to optimize concrete mixes containing
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various recycled concrete aggregates and fly ash for different building architypes.
Mavrokapnidis et al. [117] assessed the impacts of structural systems on the environmental
performance of tall buildings and proposed the use of recycled materials as a potential approach
to improve building sustainability. Other studies have also utilized waste materials to reduce
the energy and carbon emission of cement and concrete significantly [118-120]. Hossain et al.
[121] identified that an on-site sorting system could reduce energy use and carbon emissions
significantly due to the higher recyclability of materials, with a comparison between onsite and
offsite waste sorting strategies. Previous studies primarily focus on alternative materials for
cement production. The achievable amount of carbon emission reduction is still limited to the
practicality of strategies and availability of these alternative materials. For instance, the use of
alternative materials may reduce energy and environmental impacts during material production,
but their transportation over long distances may decrease the overall net benefit. Hence,

exploring the impact of transportation is strongly recommended.

Improvement in the energy efficiency of the operational phase often leads to a surge in
embodied carbon emissions. Therefore, low carbon solutions are essential to keep the embodied
impacts within beneficial levels. Researchers have evaluated strategies to reduce the embodied
energy and carbon emissions. It is established that the embodied impacts of construction
processes largely depend on the manufacturing process of materials, haulage distances,
efficiency of production and construction processes. For instance, Cabeza et al. [122] concluded
that substituting carbon intensive materials like aluminum with timber can reduce the embodied
impacts of building significantly. In other studies, non-cementitious materials such as rammed
earth are recommended as sustainable facade constructions [123]. The use of recycled
aggregates in place of natural aggregates as a carbon reduction measure has been illustrated in
case studies which show significant reduction in carbon emissions [124-126]. Another study

also recommended the use of local materials to reduce energy use and carbon emissions from

30



long haulage distances [127]. Zhang et al. [128] highlighted the role of innovative construction
processes in reducing the embodied impacts of buildings. This study highlighted
geopolymerization as a more sustainable way to produce brick instead of firing or cement and
lime-based methods. Salas et al. [129] also emphasized that the use of renewable energy
sources such as hydroelectricity can improve the embodied impacts of geopolymer concrete
significantly. Natural and recycled insulation materials such as sheep wool and recycled cork
have also been found as a more sustainable solution instead of other carbon intensive insulation

materials [130, 131].

2.5  Life cycle assessment of facade systems

In addition to the general approaches used to reduce the embodied impacts of buildings,
facade systems have been a primary focus to reduce embodied and operation impacts besides
their economic benefit. Using Ghana as a case study, new facade systems besides the
conventional ones are being widely used. However, there are very limited studies that
investigate their environmental and economic impacts. The use of concrete frames infilled with
sandcrete blocks is very popular in Ghana. A survey indicated that about 64% and 35% of
residential buildings are composed of sandcrete blocks and mud/burnt bricks respectively [132].
Other alternative materials have also been researched in the recent past [133]. According to
Oppong & Badu [134] interactions between concerns such as the construction duration,
environmental and economic performance have motivated the use of alternative materials in
Ghana. Some alternative materials include soil-based facades: Stabilized Earth Block Facade
(SEBF) and two other composite facades: Galvanised Steel Insulated Composite Facade (G.
Steel ICF) and Shotcrete Insulated Composite Facade (Shotcrete ICF). While these alternative
facades are gaining attention in Ghana, their sustainability has not been studied. Mostly the
operational performance of facades is prioritised by designers and researchers whereas their

effectiveness on reducing life cycle impacts is debatable [135].
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Christoforou et al. [136] evaluated different production scenarios of adobe bricks in
Cyprus and found that using sawdust instead of wheat straw and the transport distances
significantly vary the result. LCA was used to compare the environmental performance of
naturally stabilized earth blocks and three conventional load-bearing walls in Spain [137]. The
study suggests that stabilized earth blocks perform better in terms of the span, but the concrete
block masonry has less wall mass. Joglekar et al. [138] conducted a comparative LCA of five
bricks incorporating different industrial and agro wastes in India and argued that these bricks
outperform the conventional clay bricks. Guo et al. [139] evaluated the mechanical and
environmental impacts of recycled concrete aggregates in concrete building blocks. Their study
shows that environmental impacts of normal concrete blocks are much higher due to longer
transportation distances. Ben-Alon et al. [140] evaluated the environmental impacts of cob wall
materials used in USA and showed that the impacts of cob are highly dependent on the wall
thickness and material source. An assessment of energy embodied in cement stabilized rammed
earth wall construction suggests an optimization of the cement content and compaction due to
clay content [141]. The embodied energy of a cement stabilised rammed earth building in India
was found to be approximately 60% lower than a burnt clay brick alternative [142].
Sandanayake et al. [143] compared the environmental impacts of a concrete and timber building
in Australia which revealed that recycling and the use of regional materials make the most
significant impacts. Autoclaved Aerated Concrete (AAC) and fired brick exterior walls were
subject to environmental, economic and thermal assessment which indicates that the impact of
the former wall system is less owing to the cement content [144]. Arrigoni et al. [145] assessed
the environmental impact of hempcrete blocks in Italy and identified the binder production as
the most significant source of environmental impacts. Further investigation revealed that
hempcrete blocks have a favourable environmental impact due to the uptake of CO during

hemp growth and carbonation. The environmental impact of an alkali-activated block and
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stabilized soil block were compared against a conventional concrete block and an architectural
concrete block [146]. The results suggest both emergent masonry blocks reduce embodied
carbons by over 40% when compared with conventional blocks. Environmental impacts of mud
concrete block and other industrious walling materials in Sri Lanka were compared based on a
fixed area of walls [147]. This study indicates the mud concrete block has the lowest
environmental impact which can be further reduced using renewable energy.

On top of cement-based and soil-based fagades, there are a few studies noteworthy on
the environmental performances of insulated composite fagades (ICF). Only Yilmaz et al. [148]
conducted a comparative LCA on rockwool or polyurethane filled galvanised insulated
composite facade panels in Turkey. The study concludes that for the same functional
requirement, polyurethane filled panels are more environment friendly due to the less use of
galvanised steel. Potr¢ et al. [149] analysed the life cycle impact of External Thermal Insulation
Composite Systems (ETICS) with expanded polystyrene (EPS), mineral wool and wood fibre
board insulation filling. The study proves that insulation materials cause the major
environmental impacts among which EPS contributes the least. [150] evaluated the
environmental performance of ETICS, ventilated fagade and internal insulation facade for
different climate zones of Spain and revealed that ETICS with glass wool filling has the least
environmental impact. The study also focused on auxiliary materials used for each fagade given
their critical impacts. A multi-criteria decision-making process was developed to select the
optimal fagade system between the AAC panel, aluminium composite panel, ceramic cladding,
concrete block and double brickwork in Australia [151]. The study identified embodied
energy/carbon of materials as the most critical factor and AAC panel is found to have the worst
performance. Densley Tingley et al. [152] evaluated the life cycle impact of EPS, phenolic foam
and mineral wool insulation for UK homes and concluded that EPS had the least environmental

impact in most categories. However, considering the embodied carbon alone, phenolic foam is
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the least impactful insulation material. Schmidt et al. [153] evaluated the environmental
performance of stone wool, paper wool and flax and concluded paper wool has the least
environmental impacts whereas flax insulation has the largest impacts. Schiavoni et al. [154]
reviewed commercialized insulation materials and found that existing LCA studies lack a
common boundary and calculation process which makes a direct comparison across studies
very difficult. Hill et al. [155] also presented an extensive review of insulation materials and
emphasized the need for scenario specific LCA data when comparing insulation materials.
From the above literature review, it can be observed that the environmental impacts of
ICFs strongly depend on their composition while the impact of G. Steel ICF has not been
sufficiently evaluated. Also, no LCA study on Shotcrete ICF has been identified in existing
literatures. Although LCA of similar soil-based facades has been conducted in regions such as
India, Sri Lanka, Cyprus and Spain, their conclusions might not be applicable to Ghana due to
variations in materials compositions, construction technology, energy/carbon database and
other supporting structures of the facade. Thus, the environmental impacts of fagade systems
should be analysed within a context specific approach. Also, it is necessary to consider the
impact of other facade supporting components as they may vary LCA results significantly.
Given the steadily increasing demand for housing, more residential units are expected to be
constructed with critical impacts on the environment. LCA is therefore required to select
facades with the least environmental impacts while fulfilling economic targets. Thus a detailed
comparative assessment of the environmental and economic impacts of G. Steel ICF, Shotcrete
ICF and SEBF with the conventional Concrete Block and Mortar Fagade (CBMF) used in
Ghana is necessary. Furthermore, scenario analysis and optimization are also needed to improve
the performances of these fagade systems. This will contributes significantly to the Ghanaian
housing sector as well as regions with similar realities by providing a comprehensive guidance

to selecting a sustainable fagade to cope with the growing housing demand.
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2.6 Research gaps on BIM-based life cycle assessment and design optimization of
buildings

This chapter reviewed literature on BIM-based LCA for buildings with regards to
integration methodologies and design optimization approaches, uncertainty in the lifecycle
phases of buildings, approaches to reducing the lifecycle impacts of buildings and sustainable
facade systems as alternative to the conventional fagade systems. Based on the literature

reviewed, the following research gaps were identified:

1. Automated BIM-based LCA studies on buildings were seldom conducted to evaluate
the embodied impacts of buildings in a seamless and iterative design assessment
workflow. The existing approaches are fragmented leading loss of data, poor assessment
results, and inability to retain and use LCA results within the BIM-based design
workflow.

2. Few BIM-based design optimization studies have been limited to the operational
impacts of buildings without considerations for the embodied impacts. The trade-off
between embodied and operational impacts in low energy building remains unexplored.
Few design optimization studies have integrated passive design strategies and
renewable energy systems while exploring both operational and embodied impacts in
an integrated framework.

3. Limited studies have considered cost and environmental criteria when evaluating the
whole lifecycle impacts of low energy buildings. Design optimization studies have been
limited to performance criteria of the operational stages while the embodied energy,
environmental and economic impacts have been ignored. Further few studies have
considered the trade-offs between energy, environmental and economic criteria in the
whole lifecycle of buildings.
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4. Limited building LCA studies have considered uncertainties in the various lifecycle
phases of buildings. Moreover, there are limitation in existing uncertainty assessment
methods. The existing quantitative uncertainty assessment methods require large
amounts of data which is a challenge in building LCA while qualitative methods are
likely to errors due to their subjectiveness. While these have their strengths and
weakness under various scenarios, no study has developed a hybrid approach to improve
the robustness of uncertainty analysis in building LCA. Moreover, limited studies have
explored uncertainties due to the assessment models applied.

5. Few LCA studies have focused on buildings in Ghana and sub-Saharan Africa region.
While a few of studies exist, most focus on conventional envelope systems without
considerations of novel and suitable envelope systems. Multi-objective optimization

approaches are seldom addressed in this research studies.
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CHAPTER 3 RESEARCH DESIGN AND METHODOLOGY FOR BIM-BASED LCA
This chapter details the development of the BIM-based LCA assessment methodology,
tier-hybrid uncertainty assessment and BIM-based lifecycle performance optimization

approach for buildings.

3.1 Integrating BIM for automated building LCA

A BlIM-based LCA framework is developed through LCA framework
conceptualization, mathematical model formulation, and BIM-based simulation to support an
automated LCA of buildings. The methodology design focuses on both conceptualizing and
operationalizing the BIM-based method for a systematic whole life cycle which is applicable
to a wide range of building architypes. The framework of the proposed BIM-based LCA is

illustrated in Fig. 3.1, while details are described in subsections below.

Functional Database BIM Module

Materials Production Properties;
¥ Density
v Lifespan
¥ Transport

Configuration

30/20MPa

mode
¥ i

Matcrials
specifications

LCIA data;
¥ CML 2001
¥ CED

v Eco-indicator 99 | —

Zoning

¥ Ecological
footprint

Transportation and Construction Impact Estimation Module
; Crente Write LCIA
¥ Productivity parameters| Ilam' u;:
Equipment/Transpor VFuel created
t mode Lorry >32 Consumption D parameter
metric ton ¥ Load factor ”

Setup

s

Simul 1
k== elements/
crnhodic!:l insitu, prefabricated;
E Impacts nen-yolumetric,
volumetric

Fig. 3. 1 Framework on BIM-based LCA methodology

Autodesk Revit is selected as the main BIM tool, however, the method is applicable to other

BIM tools such as Rhinoceros/Grasshopper and is implemented in other sections.
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3.1.1 Data repository

The fundamental component of the method is a functional database since LCA
implementation is impossible without pertinent data. The functional database includes all a
comprehensive material/component library for the scope of study which is Hong Kong and
Ghana. The first step is to develop a comprehensive material/component list, followed by the
establishment of properties relevant to the assessment of all lifecycle phases. This includes
material’s density, lifespan, construction/demolition equipment, transportation modalities and
lifecycle impact coefficients/factors for various materials or activities. These data are
catalogued in relationships (i.e., each material/component with a set of parameters in Excel) so
that their retrieval is simplified for subsequent stages. Fig. 3.2 shows a section of the developed

database.
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Fig. 3. 2 Developed database and naming convention in the BIM model

LCIA data are sourced from Ecoinvent [156] while supplementary information such as
material wastage, and lifespan are sourced from literature. The emission factors were adapted

to reflect the particularities of Hong Kong and Ghana by adjusting the transportation distances
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and transportation mode with available local data from experts. Furthermore, the fuel mix for
electricity production was also adjusted to reflect the electricity production in Hong Kong
/Mainland China and Ghana. The established impact assessment data are based on the CML

2001 and CED method.

The material production phase includes the impact of producing materials/components
from the extraction of raw materials to the end of manufacturing. For some materials such as
concrete and steel, several subcategories are included to account for different strengths or
grades. The functional units vary in Ecoinvent so that the database is designed to support
conversions between units. Environmental performance data on the transportation phase
include three modes of transport (i.e. sea vessels, trucks, and rails) with different loading
capacities and distances sourced from [157]. Especially, different loading factors are considered
for prefabricated and insitu components. The productivity, workload, fuel consumption of
equipment for different work items are also included in this functional database to evaluate the
construction phase as sourced from [44]. For the end-of-life phase, the developed database
includes the productivity, fuel efficiency, energy conversion factors and environmental impacts
of equipment used for the demolishing and transportation to recycling or landfill sites sourced

from [158].

A naming convention is adopted to assign a unique ID to each item in the database to
facilitate automated matching of data. The database is developed manually in Microsoft Excel.

New materials can be easily added using the predefined naming convention.

3.1.2 BIM module

A BIM model is developed which includes physical and functional characteristics [159].
Physical characteristics comprise geometries and layout configurations while functional
characteristics include material specifications, element, and component zoning. It is important

to establish a consistent modelling workflow to produce an accurate LCA result. The BIM
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model must be developed using the same naming conventions in the developed material
database as illustrated in Fig. 3.2. It is critical to populating the BIM model with LCA data.
Also, all elements must be tagged prefabricated or insitu through a parameter at the instance
level. Since the native BIM element classification is not favorable for a prefabricated inventory
analysis, a zoning technique is introduced to group composite elements. This technique can be
applied to group for instance, concrete and reinforcement bars of a reinforced concrete column.
Similarly, the zoning technique can group prefabricated components at volumetric
(kitchen/washroom pods) or non-volumetric (facade) levels so that their impacts can be
assessed appropriately. This technique is also applied at the flat level with standardized flat

designs.

3.1.3 Impact estimation module

The impact estimation module is a computational script using nodes and codes to write
the required LCA data to the BIM model, process the data and provide the lifecycle impacts of
prefabricated buildings. It is realized in Dynamo/Grasshopper, a built-in computational tool of
Autodesk Revit/Rhinoceros, respectively whose unlimited nodes provide endless opportunities
to customize tasks and generate desired results. Moreover, support for Python and C# facilitates
the development of custom scripts or packages to optimize the workflow. The script is split into
parts and executed in chains to increase the computational efficiency and track errors quickly.

The steps involved in the impact estimation module are discussed as follows.

The first step is to create parameters for all materials/components to write LCA data from the
functional database to the building model. As the database comprises numerous impact
assessment methods, this step enables users to select parameters suited to their desired LCIA
method. Thereafter, a second interface writes the impact assessment data to the created
parameters. Fig. 3.2 also shows a sample of data written to a ceramic material in the Revit

library. The naming conventions used in the database is kept for an automatic execution. An
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intelligent match of the impact assessment data with the method selected in the previous step is
achieved with Structured Query Language (SQL), which queries data such as the impact

coefficient from the functional database and writes automatically to created parameters.

The next step involves setting up materials/components and is critical to producing an
appropriate prefabricated/insitu inventory. Here, the parameter assigned at the instance level
during modelling is used to determine whether an element/component is insitu or prefabricated.
A set of constrains is then applied to each element/component, such as transportation modalities
including partial loads, types of vehicles or vessels and types of construction equipment.
Wastage factors depending on the type of materials and mode of construction are also assigned

in this step.

After setting up elements/components, a customized quantity takeoff and impact factors for
each lifecycle phase is extracted into Dynamo/Grasshopper. For most parts, the volume of each
material is derived from multiplying its area by its thickness while the mass is obtained as a
product of its volume and density. For some materials/elements such as rebars and windows,
the estimation method is adapted as geometric information extracted from these elements
cannot produce an accurate result. The impact assessment is then performed by intelligently
matching each material with the appropriate LCA data. Finally, a report containing the
embodied impacts of the model is generated in accordance with the various levels of

assessments.

The automation process is a major contribution of the developed method which expedites
the assessment process in Dynamo/Grasshopper. Originally, many nodes in the designed scripts
resulted in longer computational time especially when combined with large number of elements
in a high-rise building. To reduce the number of nodes, this study first utilized list management
functions and extracted similar parameters with a single node. However, it yielded limited

improvement. An effective solution was then proposed to convert nodes into codes and simplify
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them in Python wherever possible. This approach reduced the number of nodes and
computational time significantly. To track errors, the entire script is first split into stages
discussed above and run consecutively in Dynamo Player. At the final stage of the impact
assessment, a unique script is run for each level of assessment, reducing the computational time

required. Fig. 3.3 illustrates a logic flow diagram for LCA computation.
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Fig. 3. 3 Logic flow diagram for LCA implementation

3.1.3.1 Calculation of lifecycle impacts
A generic model is applied to illustrate the calculation of energy and environmental
impacts. This model is applied for all indicators investigated in this study based on the primal

rule as shown in Eq. (3.1) [160]:
EP=Q xIC (3.1)

where EP, Q, and IC represents the energy or environmental impacts, activity quantity and
impact coefficient, respectively. Eq. (3.2) is then expounded to suit different lifecycle phases

in the following sections.
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EP = EI + Ol (3.2)

where EP is the total lifecycle impacts, El is the embodied impacts and Ol is the operational

impacts.

(1) Embodied impacts

The embodied impacts are defined to include energy uses and carbon emissions from the
material production, transportation, construction, building maintenance and end-of-life cycle

phases. Thus, the total embodied impacts (EI) are given by Eq. (3.3):
El = El,,, + El, + EI. + Ely,, + EI, (3.3)

where, Elm, Elt, Elc, Elomand Ele represent the impacts from material production, transportation,

construction, building maintenance and end-of-lifecycle phases, respectively.

Material production phase

The impacts from the material production phase include: (i) in-situ and (ii) prefabricated
components. In situ components relate to the raw material production only, whereas precast
components include the impacts from transporting and manufacturing of precast components

in the prefabrication factory.
Eln from the material production phase is given by Eq. (3.4):
Elp = Elpe + Elpp (3.4)

where Elmc is the impact from the production of in situ elements; and Elnmp is the impact from

precast elements. Elnc from the production of in situ materials is given by Eq. (3.5):

Elpe = 221 Qp (14 wy) XIC, (3.5)
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where n is the number of different building materials i; Qpis the quantity of materials; Wtis the
wastage factor and 1C, is the impact coefficient. Elmp from the production of prefabricated

components is given by Eq. (3.6) :
Elmp = Elmp1 + Elppz + Elpps (3.6)

where Elmp1, Elmp2, and Elmps represent the impacts generated from material production,
transportation to factory and manufacturing of prefabricated components, respectively. Elmp:

from the material production of prefabricated components is expressed by Eqg. (3.7):
Elmpl = 2211 Z?:l Q¢ X ICp (3.7)

where Q is the quantity of each material i used in precast component ¢; m and n are the total
number of precast components and materials, respectively; 1Cp is the impact coefficient for
material i. Elmp2 from the transportation of materials to the prefabrication factory is expressed

by Eq. (3.8):
EImpZ = ?=1 Qt X ICt (38)

where Q: is the quantity of material i (ton.kilometer) to be transported to a prefabrication

factory; IC: is the impact coefficient for the transport mode.

Elmps from manufacturing of prefabricated components is expressed by Eq. (3.9):

EImp3 = 21;:1 22"=1 Qp.c X E pe X Ic p.e (39)

where Qp.c is the production volume of prefabricated component c, which requires energy type
e; Epe IS the mass of energy for the production of the unit volume of c; 1Cy. is the impact
coefficient of the energy type c; f and m represent the total number of energy types and precast

components respectively.
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Transportation phase

The impacts generated from transportation consist of the total energy use and emission incurred
from delivering insitu materials and prefabricated components via different modes of

transportation. El; from transportation is given by Eq. (3.10):
Ele = X5-1 2021 Q¢ X ICom X I (3.10)

where Q is the quantity of material/element/assembly o (ton.kilometer) to be transported by
method p; IC: is the impact coefficient for transportation mode p; If is the load factor; x and y

are the total transportation modes and materials/components, respectively.

Building construction phase

The impacts from the building construction phase consist of energy use and emissions from
onsite construction equipment. Major on-site construction equipment includes the tower crane,
truck-mounted crane, truck-mounted concrete pump, hoist, and forklift. Elc from construction

is given by Eq. (3.11):
El. = Zé:l 23/:1 QcXE pe X ICce (3.11)

where Q. is the amount of work w which uses equipment type q; Ep. is the mass of energy used
by equipment type g for work Qc; 1C;. is the impact coefficient of energy type Epe; and z is the
total number of equipment for work type w. The building construction data are sourced from
relevant research studies and a consultancy study on building LCA by the Electrical and

Mechanical Service Department in Hong Kong [44,161].

Building maintenance phase

The energy uses and emissions from maintenance are estimated according to the
reference service life of building materials and components. It is assumed that periodic
maintenance activities including painting, rendering, replacement of windows are performed as

the service building life exceeds those of some materials. In such scenarios, the differences are

45



addressed as recurrent materials using replacement factors sourced from relevant literatures

[162-164].

Elom from the building maintenance phase is given by Eq. (3.12):
Elym = Xiv1[(Qp X Rp) X (1 +Wp)] X IC, (3.12)

where n is the number of different building materials or prefabricated component i used for
repairs or replacement; Qp is the quantity of materials or prefabricated components; Ry is the

replacement factor; Ws is the wastage factor and ICp, is the impact coefficient.

End-of-life phase

The end-of-life phase includes energy and emissions related to building demolition and
transportation for landfills or recycling. It is assumed that an excavator, a wheel loader and
trucks are used for demolishing and transportation. Each material is considered for recycling or
landfills and the net impact is estimated based on whether it joins other processes or exits the
material flow completely. Based on the practice in Hong Kong [165], it is assumed that steel is
recycled while concrete and other non-inert materials such as wood, glass and plastics are sent
to public landfills. It is assumed that only half of steel used in the building is recovered. Thus,
after demolition, half of steel used in the building is recovered while all other materials are

landfilled. The impact of the end-of-life phase (Ele) is given by Eqg. (3.13):
El, = Z?:l Qr X (Eee —Ere— Et) (313)

where Qr represents the percentage of total material i to be recycled or landfilled; Ece represents
the impact coefficient of the material i, Ere represents the impact incurred in demolishing
process; Et is the impact incurred from transporting materials from the demolishing site to the

landfill or recycling plant; and g is the total number of materials to be demolished.

(2) Building operation phase
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The operational impact consists of energy and emissions from building operation (i.e.
cooling, cooking, daily hot water, lighting, and other appliances) for a 50 year reference study
period which is equal to the service life of the case building. Building system and occupancy
schedules are used to calculate occupational heat gains and operational energy demands.
Emission factors are then applied to calculate the total emission during the operation phase. The

impacts from building operation (Ol) are given by Eq. (3.14):

Ol =Y, _ T8 Qoo X ICce (3.14)

where Qno is the quantity of activity | which requires the energy type e; and u is the total number

of activities during the operation phase of the building.

3.2 Evaluating uncertainties in the life cycle of buildings

A tier-hybrid approach is developed to stochastically evaluate and quantify parameter
uncertainties in the lifecycle assessment of buildings while scenarios are used to evaluate model
and scenario uncertainties in the lifecycle of buildings. The uncertainty analysis focuses on
embodied impacts and excludes those from the operation phase such as lighting and air-
conditioning, which have been widely addressed in existing literature. Figs. 3.4 and 3.5

illustrate the framework and flow chart of the uncertainty analysis, respectively.
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3.2.1 Tier-hybrid stochastic analysis

Uncertainties occur due to the lack of knowledge on the true value of a parameter.

Normally, statistical approaches are used to determine a likely value when there is a sufficient
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amount of data points/observations. However, the nature of building LCA decreases the
feasibility of collecting many observations. This is the results of a limited number of LCA
databases coupled with a lack of data on the embodied coefficients of some materials within
these databases. To address this limitation, Weidema et al. [166] proposed a DQI-based method
which applies expert judgement to appraise the probable distribution of uncertainty parameters.
However, subjective evaluation can reduce the validity of a pure DQI-based assessment. This
research therefore proposes a tier-hybrid approach to improve the comprehensiveness and
reliability of evaluating uncertainties in building LCA. The proposed approach follows a two-

stage process: uncertainty characterization and uncertainty propagation.

3.2.1.1 Uncertainty characterization

Uncertainty characterization is implemented to determine the probability distribution of
uncertainties in a parameter. The developed tier-hybrid approach is based on the integration of:
(i) a pure statistical method and (ii) a DQI method prior to uncertainty propagation. Table 3.1
illustrates the sources of parameter uncertainties and the characterization approach used. The
pure statistical approach is applied when a sufficient number of datapoints could be retrieved
to determine the probability distribution of the parameter. In the case where sufficient amount
of data could not be collected, the DQI approach is implemented. For the statistical approach,
data such as material densities and waste rates are retrieved from literature, websites and reports
of manufacturers. Statistical methods are then applied to determine parameters such as the mean
and standard deviation (SD) which are applied to characterize uncertainties of the retrieved
data. The results of uncertainty characterization for pure statistics parameters are summarized

in Appendix 2.

The DQI approach used is based on the method of Ecoinvent which categorize
parameter uncertainties into basic and additional uncertainties expressed in terms of variance
(Weidema et al. [166]. Basic uncertainties reflect the lack of knowledge on the exact value of
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a parameter (i.e. inconsistency in measurements) and additional uncertainties express
imperfections in data (e.g. geographical and temporal variations). The total uncertainty is
derived as a sum of basic and additional uncertainties. Ecoinvent provides a default variance
(a2) for basic uncertainties based on expert judgement. Contrarily, additional uncertainties
(02;) is estimated using a semi-qualitative approach incorporating a pedigree matrix with
representative variances specified by Data quality guideline for Ecoinvent. [166]. As shown in
Table 3.2, this pedigree matrix includes five data quality indicators. For each indicator, a score
between 1 (highest quality data) and 5 (lowest quality data) is assigned. After determining the
scores of an uncertainty parameter, representative variances with lognormal distributions are

defined using Table 3.3. The results of DQI analysis are presented in Appendix 1.
The total variance for the parameter is then estimated using Eqg. (3.15):
of = of + Y- 0%, (3.15)

To extend the transformational relationship to other probabilistic distributions, the variance is

converted to coefficient of variation (CV) using Eq. (3.16):

CV = Jexp(c?)—1 (3.16)

Table 3. 1 Uncertainty parameters and assessment methods

Parameter Classification of Assessment method

uncertainty

Material quantities Parameter uncertainty | DQI and Monte Carlo simulation
Material densities Parameter uncertainty | Statistical and Monte Carlo simulation
Onsite construction processes Parameter uncertainty | DQI and Monte Carlo simulation

Building maintenance schedule Parameter uncertainty | DQI and Monte Carlo simulation

Material waste rate Parameter uncertainty | Statistical and Monte Carlo simulation
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Parameter

Classification of

uncertainty

Assessment method

Transportation distances

Parameter uncertainty

Statistical and Monte Carlo simulation

Energy and emission factors

Parameter uncertainty

DQI and Monte Carlo simulation

Uncertainty model

Model uncertainty

Statistical and Monte Carlo simulation

Table 3. 2 Data quality pedigree matrix

Data quality indicators
Reliability Completeness Temporal | Geographical | Further
Score correlation | correlation technological
correlation
1 Verified data | Representative < 3years Field data Data from
based on data from relevant enterprises,
measurements | parties over an processes and
adequate period materials under study
2 Verified data | Representative < 6 years Data from Data from processes
partly based | data from >50% similar area and materials under
on of relevant parties study
assumptions | over an adequate
period
3 Unverified Representative < 10years | Regional data | Data from processes
data partly data from <50% and materials under
based on of relevant parties study but from
different technology
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Data quality indicators
Reliability Completeness Temporal | Geographical | Further
Score correlation | correlation technological
correlation
qualified or >50% but from
estimates shorter periods
4 Qualified Representative < 15years | National data | Data on related
estimate data from only processes or
one site relevant materials
party
5 Unqualified Unknown > 15 years | Data from Data on related
estimate representativeness unknown or | processes or
distinctly materials but
different area | different technology

Table 3. 3 Variance of additional uncertainties

Score
Data quality indicator

1 2 3 4 5
Reliability 0.000 0.0006 0.002 0.008 | 0.04
Completeness 0.000 0.0001 0.0006 |0.002 | 0.008
Temporal correlation 0.000 0.0002 0.002 0.008 0.04
Geographical correlation 0.000 2.5x10%° | 0.0001 | 0.0006 |0.002
Further technological correlation | 0.000 0.0006 0.008 0.04 0.12
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3.2.1.2 Uncertainty propagation

Uncertainty propagation involves propagating input uncertainties to calculate the
overall uncertainty in the LCA result. Uncertainty propagation can be performed with an
analytical method or a sampling method. The former produces limited results and is thus
impractical for this study. On the contrary, the latter is more common and requires lesser
computational resources. Accordingly, the Monte Carlo simulation, a sampling method, is
chosen to generate sample data from non-linear input uncertainties based on the pure statistical

and DQI-based uncertainty characterization.

The Monte Carlo simulation is performed based on the algorithm developed by [167].
Equations 3 to 5 show the parameters and variables used to perform the Monte Carlo simulation
in this study. Equation 3 is a vector V which represents the parameters for the evaluation of

each lifecycle phase:

V=AT, ..Ty .. T} (3.17)

where i represents the total number of processes T for a given lifecycle phase; h represents a
vector F with a complete dataset for the stochastic evaluation of the embodied energy e in the

process T.

For each process T, random variables can be chosen from the vector F for the Monte
Carlo simulation in accordance with a given probability distribution. Vector F is given by Eq.

(3.18):

Fh == {fh,l "'Th,l "'Th,i} (318)

The vector F represents two inputs as the outcome of the uncertainty characterization

for the (i) pure statistical approach and (ii) DQI approach.
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The two-input data are illustrated by the vector Q which contains a pair of inputs Vs and

Un as shown in Eq. (3.19):

Q ={(V,Uy) ... (VxUy) ... (V;, Up)} (3.19)

In the case of pure statistical parameters, Vi, and Uy represent the mean and standard
deviation of a normal distribution, whereas they represent the activity quantity and covariance

for a lognormal distribution in a DQI-based case.

Different sets of Monte Carlo simulations are performed for different lifecycle stages
and scenario analyses. For each simulation, 10,000 samples are generated. Each output
generated represents the energy use or carbon emission associated with a lifecycle phase or

scenario evaluated with randomly selected input variables.

3.2.2 Scenario and model analysis

Reasonable scenarios and models are utilized to individually appraise decision variables
for clearly depicting changes in possible outcomes, while parameter uncertainties are evaluated
simultaneously through Monte Carlo simulations. Four scenarios with seven sub-scenarios are
defined to explore end-of-life strategies, alternative materials and analytical model assumptions

as summarized in Table 3.4.

End-of-life scenarios explore the impact of end-of-life management strategies on the
overall lifecycle impacts of buildings. Different combinations of demolishing practices,
offsite/onsite waste sorting, recycling and landfilling can significantly vary the contribution of
the end-of-life phase to the overall lifecycle impacts. Two strategies are therefore defined: EoL1
and EoL2. EoL1 considers an all-inclusive offsite sorting for demolishing wastes. After sorting,
cementitious wastes and non-inert wastes (e.g. wood and paper waste) are disposed at public
filling areas and landfills respectively, while steel scrap is recycled. Totally, 24 sub-scenarios

are designed using alternative sorting, landfill and public filling areas to explore the impact of
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transportation. EoL2 considers a selective demolishing strategy in which wood wastes and
aluminum in windows are sorted onsite. The remaining demolishing wastes are sorted offsite.
This scenario also considers an extensive recycling approach in which timber and all metals
including reinforcement steel, iron and aluminum are recycled. A recovery rate of 90% is
applied to recycling materials. Cementitious wastes are however disposed at public filling areas.

Totally, 8 sub-scenarios are designed to explore the impacts of transportation.

The use of alternative materials is considered an effective approach to reduce the
embodied impacts of buildings as material production, especially concrete, contributes
significantly to the lifecycle impact of buildings. Three scenarios are designed to replace virgin
aggregates with recycled aggregates and Ordinary Portland Cement (OPC) with Granulated
Blast furnace Slag (GBFS) or Pulverized Fly Ash (PFA). S1 explores the impacts of using
recycled aggregates in both in-situ and precast concrete. Two sub-scenarios are also defined:
sub-scenario 1 assumes that aggregates are recycled at a site with an equal transportation
distance to the source of virgin materials whereas sub-scenario 2 assumes a recycling site 15
km away from the production site of concrete. Replacement rates of 50%, 70% and 100% are
also explored for S1. S2 and S3 explores impact reduction from the use of GBFS and PFA
respectively. Similarly, replacement rates of 50%, 70% and 80% are explored for both GBFS

and PFA.

Assumptions about the analytical model is a crucial factor which may significantly
change the results. Scenarios M1 and M2 are defined to explore model uncertainties. M1
investigates the impact of the probability distribution assumption on the proposed tier-hybrid
method. In the base case (B2), a lognormal distribution is applied to the DQI components.
Because other distributions such as normal, triangular and uniform could vary the results
significantly, M1 explores the impacts of these distributions within the context of the tier-hybrid

approach. M2 however is designed to compare the results of a pure DQI approach to the
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proposed tier-hybrid approach. To increase the comprehensiveness of assessments, all four

probability distributions are considered in the pure DQI approach as well.

Table 3. 4 Summary of scenarios analysis

Goal Sub-type Scenario Description
code
Basic case Deterministic | B1 Complete LCA based on primary data collected
case
Stochastic B2 Complete LCA based on tier-hybrid method
case
Scenario End of life | EoL1 Off-site sorting; non-inert waste disposed at
analysis Scenario landfills; concrete disposed at public filling areas;
scrap recycled (generating 24 sub-scenarios)

EolL2 Onsite (waste wood) and offsite waste sorting
(concrete and steel, waterproofing, etc.);
maximum materials recycling (generating 8 sub-
scenarios)

Alternative SC1 Use recycled aggregates (generating 6 sub-
materials scenarios)

SC2 Replace ordinary Portland cement with blast
furnace slag cement (generating 3 sub-
scenarios)

SC3 Replace ordinary Portland cement with

pulverized fly ash (generating 3 sub-scenarios)
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Goal Sub-type Scenario Description
code
Model Distribution | M1 Normal, triangular and uniform distribution
uncertainties | selection applied to B2
Pure DQI + | M2 DQI only approach with Normal, lognormal,
distribution triangular and uniform distribution applied to B2
selection

3.3 Multi-objective lifecycle optimization of building

The developed BIM-based LCA framework is adapted with a multi-objective optimization
framework which is based on the premise of jointly exploring the energy, environmental and
economic implications of the embodied and operational impacts of buildings. An LCA and
LCCA framework is presented which includes, energy use, carbon emission and cost modules.
Thereafter, the optimization framework incorporating objective functions, decision variable and

optimization algorithm is presented.

The optimization framework is designed to optimize the environmental performance of
building design strategies in a cost-effective approach. System boundaries include direct and
indirect emissions from material production, maintenance, and operational phases. The
transportation, construction and end-of-life phases are excluded from the multi-objective
optimization due to the complexities of integrating into the optimization process. Moreover,
general strategies like recycling, improved construction processes and shorter haulage distances
can be implemented to reduce the impacts of these phases regardless of the type of
constructions. Life cycle inventory is performed using a bottom-up approach to quantify the
input and output for the range of building constructions and PV installations. Thereafter, the
LCA is performed to translate the life cycle inventory to energy and carbon emissions. The
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Cumulative energy demand (CED) and Global warming potential (GWP) are selected as the
main environmental indicators. The GWP is based on the CML 2001 midpoint method. Other

primary data from Ecoinvent are used to supplement the database.

3.3.1 Energy evaluation
The CED is formulated as a sum of the operational energy (OE) and the embodied

energy (EE) as shown in Eq. (3.20):

CED = OE + EE (3.20)

Operational energy use is expressed in Eq. (3.21):

OFE = EUl,, X L (3.21)
where EUlo is the annual energy use intensity; and Ls is the building lifespan. The embodied
energy (EE) is evaluated using Eqg. (3.22):

EE = EE, + EE, (3.22)

where EEa and EE; represent the initial and recurring embodied energy, respectively.

3.3.2 Environment evaluation
The environmental impact is estimated in terms of GWP which represents the amount
of carbon emission from the combination of different design strategies. GWP is estimated in

Eq. (3.23):

GWP = 0OC + EC (3.23)

where OC is the operational carbon emission; and EC is the embodied carbon emission.

Operational carbon emission is expressed in Eq. (3.24):

0C=0C, X L (3.24)
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where OCy Is the annual energy use intensity; and Ls is the building lifespan.

Embodied carbon emission (EC) is expressed using Eq. (3.25):

EC = EC, + EC, (3.25)

where EC, and EC; represent the initial and recurring embodied carbon, respectively.

3.3.3 Economic evaluation

The total life cycle cost of the building is formulated to evaluate the economic implication of
the design strategies. The fundamental principle underlying this assessment approach is that a
higher initial cost in terms of envelope construction and PV installation can reduce the overall

lifecycle cost. The total LCC is illustrated by Eq. (3.26):

LCC = IC + d.PC (3.26)

where IC is the initial investment cost of the building including building and PV materials, as
well as equipment and installation; and d.PC is the net present value of periodic costs which

include annual electricity consumption and periodic maintenance.

The net present value of periodic cost is evaluated using Eq. (3.27):

d.PC = (0P x “*”n‘l) +Y, <MC x (= )) (3.27)

r(1+r)n (a+r)n

where OP is the annual energy cost during the operational phases; MC is the periodic
maintenance cost of building and PV installation k; r is the interest rate (9.6%); and n is the
year. The cost of building constructions and PV installation are provided in Tables 3 to 7 of the

appendix. The cost of electricity per kwWh is $0.046.
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3.3.4 Multi-objective optimization

The multi-objective optimization is formulated considering the objective functions, design
variables and optimization algorithm. The objective functions are developed in line with the
main objective of the study which is to reduce energy use and carbon emission in a cost-
effective approach, hence three objective functions are considered in the study. The objective

functions are illustrated by Eq. (3.28):

min{f; (9)} {2(0)} {f3(9)} = [x1, Xz, ... Xp] (3.28)

where f1, T2, and f3 represents the three objective functions to be minimized (total energy use,

carbon emission and cost); and x1, X2, and Xm represents the design optimization variables.

The final optimal solution is selected by normalizing and weighting the Pareto front

using Eq. (3.29):

NV = = Zmin) (3.29)

Zmax —Zmin

where NV is the normalized values of CED, GWP or cost of the Pareto front; Z is a value of
CED, GWHP, or cost in the Pareto front to be normalized, Zmin is the minimum value of CED,
GWP or cost of the Pareto front; and Zmax is the maximum value of CED, GWP or cost of the

Pareto front.

3.3.5 Optimization algorithm

NSGA-I11 is a metaheuristic genetic algorithm based on natural selection for solving the
optimization problem in this study. NSGA-I1 is selected because of its enhanced computational
efficiency, crowding distance method to maintain population diversity and enhanced
probability to create better solutions based on elitism which maintains the best solutions for the
next generation [168-170]. The optimization problem is solved with Wallacei, an evolutionary

engine used to run simulation in parametric design tool Grasshopper 3D. The parameters for

60



setting up NSGA-I1 are defined in accordance with the number of variables as illustrated in
[170]. Table 3 shows the NSGA-II parameters for the optimization problem. The maximum
number of generations is often used as a termination criterion. However, it has to be large
enough to ensure convergence but not excessive to prolong computational time. Therefore, the

influence of optimization settings is examined to ensure convergence within a reasonable

computational time.

Table 3. 5 Optimization settings

Parameter (NSGA-II) Value
Population size 50
Maximum number of generations 100
Crossover 0.9
Mutation probability 0.1

3.3.6 Scenario analysis for confounding factors and climate change

Scenario analyses are used to model the impact of confounding factor and climate change
on the overall performance of the building. The climate change scenario analysis is grounded
on the premise that the four representative concentration pathways (RCPs) require different
mitigation efforts from the built environment whose energy use is influence by increasing
temperatures. Particularly, the scenarios integrate reduction in embodied impacts through
increased construction process efficiency in the future as a core component towards
achievement of carbon neutrality. Therefore, the scenarios explore the whole lifecycle impacts
of buildings constructed after each decade in order to visualise the relationship between future

embodied energy reduction and carbon neutrality of buildings.

61



3.3.6.1 Confounding factors

Confounding factors can be defined as variables with potential influence on the
performance of buildings but outside the scope of designers [171,172]. Previous studies
investigated the impacts of design variable without considerations for confounding factors.
However, wide variation of confounding factors can lead to significantly higher or lower
performances [173]. Hence, it is necessary to investigate the impacts of confounding factors.
Few studies have identified confounding factors such as the building age, building size, building
system loads, urban context, occupancy rate and energy efficiency upgrades [171,174-176].
These factors induce high levels of uncertainty and can increase the uncertainty in evaluating
building energy use and carbon emissions. Two changes are applied to perform scenario
analyses: (i) low case and (ii) high case. In the low case, lighting density, equipment load,
occupancy load, ventilation rate and occupancy activity levels are reduced by 50% off the
baseline case whereas in the high case they are increased by 50%. The scenario analysis is

summarized in Table 3.6.

Table 3. 6 Scenarios for confounding factors

Item Low level Medium level High level
Lighting density 7.5 W/m? 15 W/m? 22.5 W/m?
Equipment Load 5 W/m? 10 W/m? 15 W/m?
Ventilation rate 0.001 0.0035 0.006
Occupancy gain 80 W/person 160 W/person 240 W/person
Occupancy density 0.02 m?/person | 0.04 m?/person 0.06 m?/person

3.3.6.2 Climate change
Climate change is a widely recognized global issue which requires immediate mitigation

strategies in order to safeguard the ecosystem and built environment. In attempts to limit the
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emission of anthropogenic greenhouse gases, Intergovernmental Panel on Climate Change
(IPCC) adopted RCPs as a greenhouse concentration trajectory used for climate modelling in
the IPCC fifth Assessment Report (AR5) (IPCC, 2014). These RCPs represent different time-
dependent trajectories dependent on the level of greenhouse gas emissions. RCPs include a
rigorous mitigation scenario (RCP 2.6), two intermediate scenarios (RCP 4.5 and RCP 6.0) and
a scenario with extremely high GHG emissions (RCP 8.5). RCP 2.6 represents a scenario with
the goal to maintain the global average temperature within 2° of preindustrial levels. In order
to keep global temperatures within habitable levels, mitigation strategies geared towards the
reduction of carbon emissions should be implemented in the built environment, whose energy
and carbon performances are also influenced by increasing temperatures. Hence it is necessary
to investigate the impact of climate change on building design optimizations and the possible

trajectories of building energy use and carbon emissions.

Four scenarios, each with four sub scenarios, are applied to model the impact of climate
change on building performances: RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5. Under each
scenario: (i) weather data is modified to reflect changes in projected outdoor air temperatures
and (ii) representative mitigation strategies are implemented. Stringent to moderate strategies
are applied to RCP 2.6, RCP 4.5, and RCP 6.0 whereas no strategy is applied to RCP 8.5.
Modifications to weather data are based on a study which modelled mean temperature
anomalies based on RCP scenarios [177]. Four weather files are generated for each RCP
scenario to model operational impacts of buildings construct after each decade within 2030 to
2070. Temperature within 2020 and 2029 are applied as the baseline model. Two mitigation
strategies are applied to perform the climate change scenario analysis: (i) improved efficiency
of construction process and (ii) use of renewable energy sources. According to the 2020 global
status report for building and construction, about 6% reduction in building sector emission is

required each decade to meet net-zero carbon emission target by 2050 [178]. In line with this,
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RCP2.6 is defined to implement 6% improvement in construction process efficiency each

decade and complete transition of grid electricity to renewable energy sources for operational

energy Uuse.

RCP 4.5 represents a scenario with 2% improvement in construction process

efficiency each decade and 40% renewable energy. RCP 6.0 represent a scenario with 4%

improvement in construction process efficiency and 50% renewable energy. RCP 8.0 mirrors a

scenario no improvement in construction process and no renewable energy application. The

scenario analysis is summarized in Table 3.7.

Table 3. 7 Scenarios for climate change

increase

Scenario 2030- 2040-249 | 2050- 2060- Renewable
2039 2059 2069 energy
RCP 2.6 Mean temperature | 1.04 1.24 1.32 1.35 100%
increase
Construction 6% 12% 18% 24%
efficiency
RCP 4.5 Mean temperature | 1.1 1.36 0.162 0.182 40%
increase
Construction 2% 4% 6% 8%
efficiency
RCP 6.0 Mean temperature | 0.74 1.01 1.2 1.46 50%
increase
Construction 4% 8% 12% 16%
efficiency
RCP 8.5 Mean temperature | 1.17 1.58 2.11 2.57 0%
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Scenario 2030- 2040-249 | 2050- 2060- Renewable

2039 2059 2069 energy

Construction 0% 0% 0% 0%

efficiency

3.4 Summary

This chapter presented the research methodology for developing a BIM-based LCA Approach
for Cost-effective Lifecycle Optimization. The design methodology incorporates a BIM-based
LCA model, uncertainty assessment model and design optimization framework. The developed
through LCA framework conceptualization, mathematical model formulation, and BIM-based
simulation to support an automated LCA of buildings. The methodology design focuses on both
conceptualizing and operationalizing the BIM-based method for a systematic whole life cycle
which is applicable to a wide range of building architypes. In addition, a tier-hybrid uncertainty
assessment approach is proposed which leverages both quantitative and qualitative uncertainty
to quantify uncertainties in building improve the comprehensiveness and reliability of
evaluating uncertainties in building LCA. The developed tier-hybrid approach is based on the
integration of a pure statistical method and a DQI method prior to uncertainty propagation
through Monte Carlo simulations to stochastically evaluate uncertainties in building LCA.
Following, the uncertainty evaluation model, multi-objective optimizations methods are
presented which include a staged optimization and a wholistic optimization framework. The
staged optimization centers on the different lifecycle stages to explore the tradeoff between
embodied and operational impacts whereas the wholistic optimization framework focus on the

whole lifecycle to improve energy and carbon performance in a cost-effective approach.
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CHAPTER 4 SYSTEMATIC BIM-BASED LCA OF A TYPICAL PREFABRICATED
HIGH-RISE BUILDING
LCA is automated to provide deep insights of the life cycle energy and environmental
performances of a case study building under the subtropical climate of Hong Kong. This chapter
highlights results of an inventory of materials/components and the lifecycle impacts through
the studied indicators. Important findings are presented and analysed at different levels of

assessments with unique functional units and system boundaries.

4.1 Modelling the embodied impacts of a prefabricated high-rise building

The developed BIM-based LCA method is applied to a prefabricated residential
building in Hong Kong. The selected case study can represent the general characteristics of
most newly constructed public rental housing. The case building has 40 floors with a single
floor height of 2.75 m. It features a reinforced concrete structure with 40% precast elements
including precast fagades, slabs, connecting slabs, kitchen/bathroom pods, stairs and refuse
chutes. The building is modularly designed and contains standardized assemblies and 24
standardized flats (i.e., 7 two-person-three-person flat (2P3P), 12 one-bedroom flat (1B) and 5
two-bedroom flat (2B)) on each typical floor. Fig. 4.1 illustrates the standardized flats and some
precast components used in the building. The floor plan and BIM model are shown in Fig. 4.2
while the main characteristics are provided in Table 4.1. The gross floor area (GFA) and total
building height are 52685.50 m? and 130 m, respectively. A 50-year lifespan is uniformly
specified for all assessments while system boundaries and functional units vary with
assessment/prefabrication levels as per Table 4.2. The BIM model of the case building is
developed in Autodesk Revit. After creating necessary parameters and applying zoning
techniques, the rest of the assessment process is automated in Dynamo player. Subsequent runs
after initializing the model take three minutes on average, indicating a high computational

efficiency.
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Fig. 4.1 Modular flats and samples of prefabricated components used in Hong Kong public

residential buildings

Table 4.1 Characteristics of case building

Building parameter Specification

Floor height 2750 mm

GFA 52685.50 m?

Number of floors 40

Number of units 960

Structure Reinforced concrete, precast units
Level of prefabrication 40%
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Building parameter

Specification

Walls

200 mm or 250 mm Structural cast-insitu concrete walls with
steel reinforcement, cement sand plaster, paint finish

Precast facades

Upper floor slabs

70 mm precast slabs, 90 mm cast-in-situ concrete

Openings (Doors and Windows)

Hollow core hardwood doors with hardwood frame and metal
fixtures

Aluminum framed windows with 6 mm clear float glazing

Lifespan

50 years

Table 4. 2 Assessment level, system boundary and functional units used in this study

Assessment level System boundary Functional equivalent
Whole building level Cradle to end-of-life phase Gross Floor Area - year
(m?y)

Flat levels Cradle to end of construction | Gross Floor Area - year
phase (m?-y)

Assembly level (bathroom pods; | Cradle to gate Unit - year (u-y)

facades; kitchen pods; refuse

chutes)

Component  level  (Beams; | Cradle to end-of-life phases Unit - year (u-y)

Columns;
Doors; Floors; Stairs; Refuse
chutes;

Roof; Walls; Windows)
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Figure 4.2b Floor plan

Fig. 4. 2 Floor plan and 3D BIM Model of case building
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4.2 Profile of inventory

The developed BIM-based LCA method produced a profile of materials/components used
in the case building. Table 4.3 summarizes the inventory of precast elements and in situ
materials by weights. The inventory of materials and precast elements includes waste
generation using waste factors of materials and components sourced from literature [179-182].
Cementitious materials and steel dominate the material inventory which is a common trend for
buildings in China [183]. The total weight of building materials is 78,102,203.00 kg or 1,482.41
kg/m?, where precast components and materials used on site contribute 40.27% (558.05 kg/m?)
and 59.73% (885.52 kg/m?), respectively. Splitting between materials used on site, in-situ
concrete contributes 48.59% (702 kg/m?) followed by cement plaster 4.38% (64.92 kg/m?),
steel reinforcement in in-situ concrete 2.95% (43.70 kg/m?), timber 2.38% (35.32 kg/m?),
ceramic tiles 0.98% (14.47 kg/m?), glass 0.23% (3.36 kg/m?), stainless-steel and others 0.19%

(2.86 kg/m?), paint 0.04% (0.53 kg/m?), and asphalt 0.01% (0.05 kg/m?).

Table 4. 3 Inventory of materials/elements

Material Element/Component/Assembly Quantity (tons) | Waste
factor
Aluminum Windows frames 22.125 1.05
Asphalt Damp-proof; roof covering 2.7 1.05
Cement plaster | Beams; columns; facades; | 3420.177 1.10

bathroom/kitchen pods; structural walls;

floors; ceiling
Ceramic tiles Walls; slabs 762.375 1.10
Glass Windows 177 1.025
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Material Element/Component/Assembly Quantity (tons) | Waste
factor
In-situ concrete | Beams; columns; structural walls; slabs; | 35,949.98 1.05
roof
Paint Beams; columns; facades; | 28.08 1.05
bathroom/kitchen pods; structural walls;
floors; ceiling
Steel Beams; Columns; Structural walls, roofs | 2302.256 1.03
reinforcement
in in-situ
elements
Steel Facades; staircases; refuse chute; | 2024.75 1.01
reinforcement | kitchen/bathroom pods; slabs;
in precast | connecting slabs; beams
elements
Stainless-steel | Metal doors; windows; metal grills etc. | 150.76 1.03
Timber Doors; formwork 1860.75 1.07
Precast Facades; staircases; refuse chute; | 28,701.25 1.01
concrete kitchen/bathroom pods; slabs;
connecting slabs; beams

4.3 Embodied impacts at the whole building level

The overall embodied impacts in GWP and CED are 12.85 kg CO2 eq/m?-year and 0.16
GJ/m?-year. This estimate includes all impacts from material extraction, transportation to

site/factory-to-site, onsite construction processes and end-of-lifecycle. For clarity and
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comparison with previous studies, GWP and CED are highlighted in the analysis and
discussion. Considering different lifecycle phases, material and component production
contributes the highest impact in both GWP and CED (76.98% and 80.22%), followed by
transportation (10.01% and 9.07%), onsite construction (7.96% and 7.19%) and finally the end-
of-life phase (5.05% and 4.58%). Transportation of precast components contributes up to 50%
of the transportation impact due to partial loads and long hauling distances [184,185]. This

validates the need to establish prefabricated factories in closer proximity to construction sites.

Fig. 4.3 depicts the contribution of each material and precast component to the
embodied impacts of the case building. For prefabricated components, fagades generate the
highest impact on both GWP and CED (7.77% and 8.09%), followed by kitchen pods (5.62%
and 5.86%), bathroom pods (4.93% and 5.14%), slabs (4.06% and 4.23%), connecting slab
(2.16% and 2.25%), stairs (0.79% and 0.82%) and refuse chute (0.14% and 0.14%). For
materials used on site, cast-in-situ concrete contributes the highest GWP and CED (27.98% and
29.16%), followed by steel reinforcement (8.98% and 9.39%), timber (6.46% and 6.73%),
plaster (2.59% and 2.69%), aluminum (2.08% and 2.17%), ceramic tiles (2.05% and 2.14%),
glass (0.68% and 0.71%), paint (0.64% and 0.67%) and asphalt (0.04% and 0.04%). Varying
trends are observed when comparing the impacts of materials/components across different
indicators. Taking insitu concrete as an example, although it has the highest impact on ADP-f,
AP, EP, GWP and CED, its impact on HTP, FAETP and TETP is relatively low because of the
higher impact factors of other materials and components. Therefore, it is necessary to report

different impact categories for a comprehensive LCA.
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Fig. 4.3 Life cycle impacts at the whole building level

4.4 Embodied impacts at flat level

Public rental buildings in Hong Kong adopt modularly designed standardized flats so
that it is useful to evaluate and compare the performance of different flat types as a guide for
the design of future buildings. By adopting the types with lower energy and environmental
impacts per unit area, the overall impacts of the building can be further reduced. Fig. 4.4
compares embodied impacts of three standard flats (2P3P, 1B and 2B) used in the case building.
The results at flat level consist of impacts from material consumption, transportation, and
energy use on site. Consistent trends are observed in the contribution of each material across
the studied impact categories except ODP. The mean CED and GWP per flat are 134,984.17
MJ and 14,935.95 kg COz, 193,204.56 MJ and 21,190.32 kg CO- as well as 252194.74 MJ and
27,818.07 kg CO> for Flat 2P3P, Flat 1B and Flat 2B respectively. If Flat 2P3P is used as

baseline, an increase of 53% and 87% is observed for Flat 1B and 2B respectively. However,
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when compared per floor area, Flat 1B has 3% and 10% less impact than Flat 2P3P and 2B and
is therefore validated as the most favorable flat design [112]. The contribution of each

component or material in CED, GWP and other studied indicators is also presented in Fig. 4.4.
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Fig. 4.4 Embodied impacts at flat levels
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4.5 Embodied impacts at assembly levels

Public residential buildings in Hong Kong use precast assemblies including facades,
bathroom pods, kitchen pods, refuse chutes and water tanks. Therefore, the developed method
automates embodied impact at these levels as well. Fig. 4.5 shows the embodied impacts of
four assemblies which is evaluated per unit of each assembly for standardized bathroom pods,
kitchen pods, and refuse chutes, whereas that for the facade is an average value as more than
one facade type is used in the case building. Refuse chute has the lowest impact on GWP and
CED (1179.94 kg CO2 and 13.39 GJ), followed by facades (1408.58 kg CO> and 14.96GJ),
bathroom pods (1735.44 kg COzand 17.67 GJ) and kitchen pods (3653.55 kg CO> and 37.21).
The results for other impact categories are also illustrated in Fig. 4.4. In addition, impacts per
material are evaluated to elucidate main contributors to production and transportation phases.
Concrete, steel, and aluminum (facade only) are identified as hotspots which totally contribute
from 84% to 89% in all assemblies. The remaining 11% to 16% is attributed to manufacturing

and transportation.

Embodied impacts at assembly level
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Fig. 4.5 Embodied impacts at assembly levels
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4.6 Embodied impacts at component level

Fig. 4.6. illustrates the contribution of each building element to the life cycle impact of
the case building. A cradle to end-of-life analysis is performed in this level for the studied
impact categories. Similar trends of contributions from different components are observed for
all impact categories except HTP, OPD and TETP. The contribution of walls prevails in all
impact categories (ranging from 18.40% to 38.87%) except in TETP where the contribution of
doors dominates (36.47%). Next to walls, floor slabs contribute significantly to all impact
categories ranging from 22.36% to 37.48%. Contributions of other structural framing
components such as beams, and columns are between 7.43% and 12.14% and 9.36% and
16.78%, respectively. Openings including doors and windows also make significant
contributions ranging from 0.62% to 36.47% and 0.12% to 9.40% respectively due to the use
of timber and aluminum. These results are consistent with the component contribution ranges
reported in [186]. For the purpose of comparison between components, the contribution to GWP
and CED from different components is presented as: walls (36.34% and 35.89%), floor (23.96%
and 24.25%), columns (16.20% and 15.90%), beams (11.15% and 10.84%), doors (7.58% and
7.84%), windows (3.24% and 3.36%), stairs (0.81% and 0.83%), roof (0.84% and 0.92%) and

refuse chute (0.14% and 0.15%).

A comparative analysis of residential buildings in Hong Kong is presented in terms of
GWP as most existing studies use this indicator. The assessment results, scopes and deviations
are presented in Table 4.4. Significant deviations are observed among studies due to variations
in system boundaries and LCIA data. For instance, the results of [187] indicate an
underestimation of 22.59% in GHG emissions as only principal structural material were
considered in their study. Although the study is consistent with the finding in [112], the overall
LCA impacts is found to be higher due to the expanded system boundaries. Thus, if the system

boundaries are adjusted the results are likely to very similar to the present study.
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Embodied Impact at component levels
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Fig. 4.6 Embodied impacts at component levels

General assumptions from existing literatures and Ecoinvent have been adopted for
developing the database. However, evolving construction processes and technologies could
result in different impact levels which can be resolved through primary data collections from
experts. Particularly, the collection of real operational data such as used equipment, fuel
consumption and operation times during the construction of a typical prefabricated project
could improve the evaluation accuracy of the construction phase. For the end-of-life phase,
diverse management strategies can be explored for a more comprehensive assessment subject
to the inclusion of more strategies in the database and enhancing the developed method for such

applications. Presently, only recycling benefits of reinforcement bars are considered. If
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recycling is excluded from the tool, the embodied impacts of the end-of-life phases could be

much higher as steel is one of the most influential materials.

Table 4.4 Comparative analysis of residential buildings in Hong Kong

Study System kg CO2 | LCIA data Deviation
boundary eq/m?-y

Present study | Cradle to end-of- | 12.84 Localized -
life

[98] Cradle to end-of- | 13.82 Localized 7.63%
life 11.86 Generic -7.63%

[112] Cradle to end of | 11.22 Localized -12.62%

construction

[187] Cradle to site 9.94 Localized -22.59%

[184] Cradle to end of | 12.74 Generic -0.78%

construction

[188] cradle-to-end of | 13.38 Generic 4.21%

construction

Furthermore, investigating a broader scope of lifecycle phases leads to a more
comprehensive lifecycle profile which has not been achieved in previous BIM-based LCA
studies. Particularly, improvements in the evaluation of transportation, construction and end-
of-life phases have been achieved with an enhanced database and its integration with BIM to
allocate transport modes, load factors, construction, and demolition equipment. Although
transportation distances are currently included in the database, map applications can be
integrated into the process with prospects of optimizing transportation distances. In addition,

the developed method includes equipment uses in the construction phase and can therefore
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enhance the estimation of construction impact which has been a major blind spot in previous
studies. Limitations are identified in bridging gaps between structural and architectural domains
of the model. For elements such as columns, significant challenges are identified in
coordinating structural elements in reinforcement and finishes (e.g. plaster and paints).
Although their impacts could be easily eliminated in a one-off modeling, it could be a
significant challenge during repeated design iterations. Another significant challenge exists in
applying the developed method to building service components. Most components such as ducts
are treated as solids instead of hollow units which could result in large errors. Two potential
solutions are proposed in such situations: estimating an average value based on a parameter of

ducts or assessing impacts at aggregated levels (components) rather than specific materials.

4.7 Summary

This chapter presents a BIM-based LCA method to evaluate the life cycle energy and
environmental impacts of prefabricated buildings. This approach is based on a more
standardized levels of assessments, a broader scope of lifecycle phases, and more
comprehensive functional units and system boundaries. The unique characteristics of
prefabricated including transportation and construction modalities have also been addressed to
automate the lifecycle process with high accuracy. A more detailed, and comparable LCA
results are automatically produced allowing for deep analyses and identifications of hotspots
including the best combination of components such as fagades, bathroom/kitchen pods or even
flats in modular designs. For instance, through this method, the one-bedroom flat is identified
as the best performing flat type in comparison with other flats in the case building. Such

characterization provides insight to design optimization of prefabricated buildings.

The method has been successfully tested on a typical prefabricated high-rise building in
Hong Kong and proven to produce accurate results with a higher computational efficiency for
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different levels of assessments, system boundaries and functional units comparable with
previous studies. It is achieved through an automated process of systematic zoning and set up
after creating parameters and populating BIM with LCA data. The total CED and GWP of the
case building are estimated to be 30.22 GJ/m? and 4141.70 kgCO.eq, respectively. Also, the
operational CED and GWP are estimated to be 22.24 GJ/m? and 3499.30 kgCO2eq respectively
while embodied CED and GWP are 7.99 GJ and 642.40 kg CO: eq respectively. Embodied
impacts at flat levels are estimated to be 134,984.17 MJ and 14,935.95 kg CO: for Flat 2P3P,
193,204.56 MJ and 21,190.32 kg CO; for Flat 1B and 252,194.74 MJ and 27,818.07 kg CO-
for Flat 2B. Therefore, Flat 1B is proved to be the most sustainable design given its lowest
lifecycle impact. In addition, kitchen pods and walls are found with the highest impact in their

corresponding assessment levels.

The detailed levels of assessments addressed as well as automation and computational
efficiency achieved will provide an enhanced mechanism to iterate design options at materials,
element, assembly, or flat levels to evaluate energy and environmental management
opportunities in future studies. Moreover, the designed assessment levels can be easily
manipulated to reflect other geographical or prefabrication systems. The method is particularly
useful for building practitioners to swiftly evaluate the lifecycle impact of prefabricated
buildings with deep insights. Also, the research finding can guide design optimizations of low-

carbon building constructions and renovations.

At this stage, additional efforts are needed for a complete representation of the lifecycle
profile. The study has considered varying system boundaries from cradle to end-of-life phases,
however a wider range of end-of-life management strategies could be integrated for more
comprehensive assessments. Also, the method did not include the embodied impacts of building
service systems as significant challenges are faced in the extraction and processing of materials
used in some of these components. In future studies, these limitations can be addressed. The

81



method will be further incorporated into extensive uncertainty analyses for a robust life-cycle

design optimization.
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CHAPTER 5 A COMPARATIVE INTEGRATED LIFE CYCLE ASSESSMENT OF
DIFFERENT FACADE SYSTEMS FOR A TYPICAL LOW-RISE RESIDENTIAL
BUILDING

Based on the implementation of the BIM-based LCA method in Chapter 4, this chapter
aims to study the energy and environmental performance of novel facade systems for a low-rise
residential building under the subtropical climate of Ghana. A BIM model is developed based
on a case study incorporating the conventional building facade system to perform energy and
environmental impact assessments. Three alternative facade systems are then explored to
investigate opportunities to improve the performance of the building. The system boundary is
expanded to include operational impacts to evaluate the impacts of the alternative facade
systems on both embodied and operational performance of the building. The results are then
subject to an in-depth comparative analysis of different life cycle phases followed by an

economic evaluation.

5.1 Case descriptions

The goal of this LCA is to compare the environmental and economic impacts of G. Steel
ICF, Shotcrete ICF, SEBF with the conventional CBMF used in Ghana. The functional unit is
set to 180.50 m2 gross floor area (GFA) for a lifespan of 50 years. Therefore, all results
presented are for 180.50 m2-50years. The impact of windows is included as it significantly
affects the operational energy use.

LCA covers processes of the material extraction, product manufacturing, transportation,
onsite construction and building operation but end-of-life phase due to the lack of reliable data
for buildings in Ghana. Also, only the impact of cooling is considered for the operational phase.
Single storey buildings are common architypes in the Ghanaian residential sector. The case

building, located in Amasaman, Accra is selected because the location is representative of the
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typical Ghanaian climate. The building is on a site with an altitude of 23m, longitude of 0.3019°
W, latitude of 5.7062° N, a Tropical Savanna Climate (Aw) under the Koppen-Geiger climate
classification, 761 heating degree days (HDD) and 3793.8 cooling degree days (CDD). The
average annual temperature fluctuates between 23.0° and 30.0°, with a dominant cooling load.
The building is compartmentalized into six zones: three bedrooms, a living room, a kitchen,
two washrooms, a corridor and a porch. It has dimensions close to 12m (length) by 15m (width)
and a height of 7m (from the apex of the roof to the ground plane). The floor plan and 3D model

are shown in Fig. 5.1, while the main differences in the four fagades are described below.

5.1.1 Concrete block and mortar facade

The case building’s fagade (CBMF) is composed of 150mm thick concrete blocks and
15mm thick mortar on both sides. Concrete blocks are manufactured from locally available
cement, river sand and water in the ratio of 2:7:1. Cement and sand are manually mixed while
adding water steadily until a homogenous mixture is reached. The mixture is then poured into
moulds and compressed manually. They are subject to air-drying and curing before laid with
mortar bonds. The structure is plastered with mortar after drying. The main supporting
components are reinforced concrete beams and columns. Based on the information provided by
the construction team, it is assumed that a concrete mixer is used to prepare concrete. In the
same regard, blocks are manufactured 200 metres from the site while aggregates and cement

are manufactured 10.7 km and 43.1 km from the construction site respectively.
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Fig. 5.1 Floor plan and 3D BIM simulation model

5.1.2 Stabilized earth block facade
The SEBF is made from locally sourced laterite and 8% cement as described in [189—

192]. It is usually 180mm thick and requires no finishing as its natural surface is desirable.
Laterite usually consisting of 10% to 20% clay, 10% to 20% silt and 50% to 70% coarser soil

is first air-dried, grinded manually, sieved to attain uniform size particles after which the
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stabilizer (cement) is added. Water is added steadily while manually mixing until a homogenous
mixture is attained. The mixture is poured in the mould and compressed manually to increase
its density and strength. After demoulding, blocks are air-dried under shades pending use. The
shape of blocks is altered using mould inserts so that corner sets and hollow cores for
reinforcement can be manufactured. These blocks are interlocking and are therefore directly
stacked on-top of each other except for a few portions where thin layers of cement-sand mortar
are applied as jointing or for airtightness. These special portions include the first course of
blocks, window levels and corners of wall. The same transportation distances used for the case
building facade is assumed for this alternative design.
5.1.3 Galvanised steel insulated composite facade

G. Steel ICF is factory made in China and exported to Ghana. This facade consists of
panels made up of a 50mm EPS core with 0.5mm galvanised steel sheets on both sides. The
panels span a length of 3m and a width of 0.9m. In addition, cold-drawn light weight steel
sections, and steel ties are used as the support frame for panels. It is assumed that small
construction equipment for cutting, welding, riveting and finishing wall assemblies is powered
by a diesel generator. Materials such as EPS, paints, steel bars and steel sections are all imported
from China and both domestic and oversea transportations are considered. Distances are
established from Google Map and Sea Distance respectively. Transoceanic vessels and trucks
are used for oversea and domestic transport respectively. A direct transportation route from
Tema harbour to the construction site is assumed as the material supplier is located on the same
route.
5.1.4 Shotcrete insulated composite facade

Shotcrete ICF consists of a 70 mm thick expanded polystyrene core sandwiched
between two 40mm thick reinforced shotcretes. The main reinforcement is a welded wire mesh,

while vertical and diagonal steel bars at 8 mm diameters and at 100 mm intervals are provided
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for structural support. The EPS core is first placed and fixed by reinforcement bars extending
from the concrete slab. The welded wire mesh, vertical steel and diagonal steel bars are then
erected on the EPS core, after which the shotcrete is sprayed. Two diesel powered plants, a
concrete mixer and a wet shotcrete spraying machine, are used for building this facade. EPS
and the welded wire mesh for this fagade are imported as individual units to be assembled on
site. It is assumed EPS and steel reinforcement are imported from China whereas the raw
materials for shotcrete are sourced locally.

All fagades incorporate a double-slide single-pane window with aluminium frames.
Windows are manufactured in a factory and transported to the site for assembly, so that it is
possible to retrieve monthly electricity bills from the manufacturer. Energy demands for
fabricating the windows are prorated over the number of windows used. Materials such as
aluminium and glass are imported from China. The construction details of the analysed fagade

alternatives are illustrated in Fig. 5.2.
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Fig. 5.2 Schematic diagrams of the four facades
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5.2 Life cycle inventory

A bottom-up approach is adopted to generate a detailed BIM models which includes all
data requirement for the automated BIM-based LCA process for the four different fagcade
systems. For the reference facades, primary data including building drawings, material
specifications, sources of materials, transportation modes, method statements, electricity and
fuel consumption for plants and equipment were retrieved from the owner and contractor.
Drawings and materials specifications for alternative facades were sourced from multiple
contractors to reach a convergence in designing the alternative models. Other data such as
method statements and equipment use were retrieved through short interviews with the experts.

The detailed models are designed in Revit using a parametric process to define specific
layers of various construction materials. Thereafter, the automated assessment process is

performed to generate a detailed materials inventory, energy, and environmental impact

assessment.
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Fig. 5.3 Materials inventory of four facades
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Fig. 5.3 illustrates the inventory of materials categorised into initial and recurrent for all
cases presented. The initial materials represent materials used at the construction stage. It is
assumed that maintenance activities including painting, rendering and window replacement are
required as the building’s lifespan exceeds the service life of some materials. In such scenarios,
the differences are credited as recurrent materials per the replacement factors provided in Table
1. The net quantity of materials is adjusted to account for waste during the construction based

on the recommendation of local contractors and existing literatures as summarised in Table 5.1.

Table 5.1 Material replacement and waste factors

Material Materials’ Material Replacement | Wastage
Service Life Durability (yrs.) Factors (%)
(yrs.) (@)

Aluminium 50 45 1.11 5)

Cement Sand Mortar 50 50 1.00 5
Concrete Blocks 50 50 1.00 10
Expanded Polystyrene 50 50 1.00 10

Galvanised steel plates 50 50 1.00 5

Glass 50 36 1.39 5
Insitu Concrete 50 50 1.00 10
Paint 50 10 5.00 10
Render 50 20 2.50 10
Steel Reinforcement 50 50 1.00 10

Steel Sections 50 50 1.00 5

2 [193-196]
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5.3 Life cycle impact assessment

Life cycle impact assessment translates the results of the inventory analysis to
corresponding environmental impacts [197]. The Inventory of Carbon and Energy (ICE)
database V2.0 developed by the University of Bath is selected for this impact assessment as it
is applicable to regions which lack impact assessment data [198]. Moreover, it is based on
aggregated global values and therefore is appropriate for the study. The database is an excel
document with energy and carbon coefficients of most used building materials. It is also
selected because its inventory data are based on a cradle-to-gate boundary and are estimated
from many LCA studies with high credibility. For ICE V2.0, products are assessed by their
energy use intensity (MJ/kg) and Global Warming Potential (GWP) (kg CO2eq/kg), which are
the most commonly used LCA indicators for buildings [199]. Also, COZ2eqg/kg accounts for
other greenhouse gases (GHG) as the carbon equivalent. Metered data in kwWh of electricity or
litres of fuel are retrieved from the contractor where possible to estimate the construction
impact. Since no appropriate energy/carbon conversion factor was found for Ghana, their
energy and carbon contents are estimated with reference to UK Greenhouse Gas Reporting:
Conversion Factors 2018 [200]. The comparative analysis of facades remains valid as the same
conversion factor is maintained for all facades. A similar approach is applied to local
transportation. Also, the energy use and emission factors for cross continent transport are

provided in Table 5.2 [201].

Table 5.2 The energy use, emission factor and transportation distance for the transport mode

Transport mode Energy use | Emission factor Transportation
(MJfton.km) | (g/ton.km) distance (km)

Cross continent transport 0.216 15.98 26211.36

Road Freight (local transport) | 2.275 168.35 43.1
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Furthermore, references are made to [202,203] as shown in Table 5.3 to complement
equipment workload and rated power retrieved from the contractor. With these data, the direct

and indirect energy consumption and environmental impacts are estimated.

Table 5.3 Equipment energy use and emission factors for the construction stage

Equipment Workload per | Rated Power kWh to MJ kWh to
Machine per (kW) conversion kgCO%q
day (m?3) factor conversion
factor
Concrete mixer 50 4.4 3.6 0.26910
Shotcrete pump 24 3 3.6 0.26910

The actual energy use during the operational phase of the case building is retrieved from
monthly electricity bills for the year 2017. While the retrieved data cover energy demands for
cooling, lighting and household appliances, the main interest lies in the cooling energy demand.
Moreover, the energy use with alternative facade systems also needs to be predicted, so that
IES-VE is used to predict operational energy uses. IES-VE is a platform for modelling the
energy, daylight, renewable energy system, airflow performance related to buildings. The
weather data used to assess the annual operational performance is generated from the ASHRAE
database using IES-VE. For all models, U-values of walls are varied while all other assumptions
(e.g. the floor properties, roof properties, occupancy and internal gains) are referenced to the

case building. Table 5.4 shows main input settings for the building energy simulation.

92



Table 5.4 Input parameter for building energy simulations

Parameter Value
Indoor cooling setpoint 23°C
Air change rate 1.2m/s
Equipment gain 10W/m?
[lluminance setpoint 150 Lux
Lighting gains 15 W/m?
Occupancy 4 persons
Occupancy gains 100 W/person

Operation schedule

Weekdays (18:30 - 07:30), Weekends (00:00 -

24:00)

The life cycle cost is calculated for both initial and recurrent investments, including the cost of

all materials, plants and labours used for facade construction. The rates used are weighted

averages from several contractors to avoid biases. Total amounts are calculated as a product of

quantities and rates.

5.4 Scenario analysis for each facade

Scenario analyses have been increasingly applied in LCA studies [204-207]. To identify

strategies for further improving the performance of each fagade, scenario analyses are

conducted to assess the variation induced in CED and GWP. At least two scenarios are defined

stepwise for each facade combining design and material source variations. The ratio of the

change in results to the variation of a parameter (i.e. Sensitivity Ratio) is expressed by Eq. (5.1).
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Change in results
/initial results (5 1)

Sensitivity Ratio = change in paramete

r
/initial paramter

The first two scenarios are defined for materials that are locally available although
mainly imported. Scenario 1 considers modifying the sources of EPS and the paint, thus
addressing the impact of transportation. It is assumed that importing EPS and paints increases
the impact of transportation, as these materials are available in Ghana (i.e. a scenario is
considered where they are locally supplied). Similarly, the energy embedded in transporting
steel is also found to be significant. Besides importing steel from countries like China and
Ukraine, Ghana produces some amount of steel from scrap sourced within the country and
nearby regions like Kenya. Therefore, Scenario 2 is proposed to explore the impact of locally
manufactured steel given that Ghana recycles some quantities of steel.

The third scenario is defined by varying the facade design. For SEBF, blocks account
for a large portion of the material embodied energy considering its mass. Therefore, the impact
induced by reducing the thickness of blocks and replacing reinforced concrete lintels with
reinforced compressed-mud blocks are explored. Similarly, the mass of CBMF can be reduced
using hollow blocks so that a scenario is set to explore its effect. Information retrieved from
experts indicates the thickness of Shotcrete can be reduced from 40mm to 30mm so that its

impact is also explored. All assumptions for the scenario analysis are summarized in Table 5.5.

5.5 Model validation

For validation purpose, the simulated energy use for baseline model is compared with
energy end-use data retrieved from the case building. Based on monthly electricity bills for the
year 2017, the total energy use for HVAC, equipment and lighting is estimated as
25.60kWh/m?/y. On the other hand, the baseline model is estimated to be 24.15 KWh/m?/y.

From Fig. 5.4, the simulated data is shown to be consistent with the end-use data with a minor
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difference of 5.65%. In this regard, the baseline model can sufficiently represent an average
residential building in Ghana. A breakdown of annual energy consumption for all four fagade

designs is presented in Table 5.6.

Table 5.5 Main assumptions for scenario analysis

Scenario Shotcrete G. Steel CBMF SEBF

ICF ICF

Paint and EPS Accra, Ghana | Accra, Ghana | Accra, Ghana | Accra, Ghana

Source

Steel Source Accra, Ghana | Accra, Ghana | Accra, Ghana | Accra, Ghana

Wall design With 30mm - With hollow With reinforced mud
shotcrete concrete block lintels, 300mm
thickness blocks thick blocks

+Simulated Data -=Operational Data

w

N
cCUlE, TN Ul WU M

kwWh/m?

o
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Fig. 5.4 Comparison of energy end-use data and simulation data of case building

Table 5.6 Breakdown of simulated annual energy demands during use phase of buildings
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Energy use Shotcrete G. Steel CBMF SEBF
breakdown ICF (kwh) ICF (kwh) (kWh) (kwWh)
Chillers 14.88 14.96 16.33 14.87
Heat rejection fans 1.75 1.78 1.82 2.04
Total equipment 5.60 5.60 5.60 5.60
Total lights 1.85 1.85 1.85 1.85
Total electricity 24.07 24.18 25.60 24.36

5.6 Comparative analysis of facade types
5.6.1 Concrete Block and Mortar Facade

The baseline model (CBMF) is evaluated with a CED of 100.04 MJ/m?ly. The
contribution of various LCA phases is presented in Fig. 5.5 while a detailed breakdown is
provided in Table 5.7. OE and EE contribute 65.10% and 34.90% of CED while GWPoe and
GWPee contributes 79.09% and 21.91% respectively. Material production contributes 93.60%
of EE and 95.38% of GWPee. Most of these impacts are associated with the paint, sandcrete
block, and cement plaster. The high impact of paints is explained by its high energy intensity
and frequent replacement. Similarly, cement in concrete blocks and render is energy intensive
in addition to the large quantities used [208]. This finding echoes with [209] where coatings
and masonry are found to make the large contribution to EE of single-family dwellings.
Furthermore, EE: is proved to be mainly associated with the importation of window, paint, and
steel reinforcement materials, which is also indicated in an existing study that using local
materials can significantly optimize the impact of transportation [194]. Like EE:, majority of
GWP: originates from paint, steel reinforcement rods and sandcrete blocks. The contribution of

the construction phase is however less important with close to zero EE and GWP [210]. The
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small amount of EE. is mainly attributed to concrete and windows with 29.79% and 70.21%

respectively.

Table 5.7 Embodied energy and global warming potential of concrete block and mortar facade

Materials EE (MJ) GWP (kg COze)

Materials Production Phase

Concrete Blocks 69,856.46 12,036.22
Insitu Concrete 10,623.36 1,713.02
Mortar Joints 7,224.70 1,244.81
Paint 109,740.00 5,196.84
Reinforcement Steel 16,517.81 1,422.37
Render 49,064.81 8,453.83
Windows 30,115.53 1,759.81

Transportation Phase

Concrete Blocks 2,411.71 179.36
Insitu Concrete 347.71 25.86

Mortar Joints 239.34 17.80

Paint 7,360.53 544.61
Reinforcement Steel 4,369.30 323.26
Render 1,625.42 120.88
Windows 3,335.10 284.50

Construction Phase

Insitu Concrete 99.98 7.44

Windows 235.58 12.04
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Materials EE (MJ) GWHP (kg CO2e)

Total 313,167.34 33,342.65

CBMF

GWP 0.001
0 5 10 15 20
kg/CO?%eq/m?ly
cEp 650 044 13.07 0.gos
0 5 10 15 20 25
x5 kWh/m2ly
= Materials production Transportation to site Building operation
® Construction = CED

Fig. 5.5 CED and GWP for CBMF per unit GFA and across the building lifespan

5.6.2 Stabilized Earth Block Facade

SEBF is proved as the most sustainable facade. Its contributions to CED and GWP for
different life cycle stages are shown in Fig. 5.6 while a detailed breakdown of EE and GWPEge
is summarized in Table 5.8. SEBF does not alter the ranking of lifecycle phases however, the
difference in impacts of life cycle phases fluctuates within a range from 6.85% to 63.18%
significantly influencing total CED. From Fig. 5.6, CED decreases from 100.4 MJm?/y to 75
MJm?/y which represents 39.13% CED saving. EE. is increased by 25% but still approaching
zero with a relatively less importance [211,212]. EE: is increased by 14.68% which can be
explained by the larger mass of soil materials for SEBF, which also leads to the decrease in
EEm. SEBF is characterised by higher soil contents with a low EE coefficient and lower cement

contents with a high EE coefficient whereas this relationship between soil and cement is reverse
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for CMBF. Furthermore, SEBF is constructed with interlocking joints which reduce the mortar

joint extensively used in CBMF.

SEBF

0.16
owp 1336 0.001
0 5 10 15 20
kg/CO?%eq/m?ly
.50 12.18 0.01
CED b
0 5 10 15 20
x5 kWh/m?/y
= Materials production Transportation to site Building operation
m Construction = CED

Fig. 5.6 CED and GWP for SEBF per unit GFA and across the building lifespan

Table 5.8 Embodied energy and global warming potential of stabilised earth block fagade

Materials EE (MJ) GWP (kg CO2e)
Material Production Phase

Cement Sand Mortar 6849.81 1,123.02

Insitu Concrete 7,054.36 1,066.76
Stabilised Earth Blocks 5,3526.73 8,223.68

Steel Reinforcement 10,374.612 893.37
Windows 30,115.53 1,759.81

Transportation Phase

Cement Sand Mortar 08.7173 7.34
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Materials EE (MJ) GWP (kg COze)
Insitu Concrete 195.60 14.55
Stabilised Earth Blocks 16,185.34 1,225.825

Steel Reinforcement 2,755.46 203.87
Windows 3,335.10 284.50

Construction Phase

Insitu Concrete 66.39 494
Windows 235.58 12.04
Total 130,793.23 14,819.71

SEBF is also characterised by a lower GWP of about 14.77 kgCO.eq compared with
18.04 kgCO2eq of CBMF, leading to a savings of approximately 18.07% in GWP. The main
difference in GWP originates from the material manufacturing and operational phase. A change
in facades from CBMF to SEBF decreases GWPn by 64.59%. Given the same source of
operational energy, GWPeo covariates with EO in similar trends. The change in GWP. and
GWP; is however relatively less significant especially as GWP; approaches zero. Although not
directly comparable, these findings are consistent with previous studies on small houses
[211,212]. However, they contradict with one study which reported that concrete blocks
performed better than stabilised earth blocks [213]. In summary, 39.13% and 18.07% savings

in CED and GWP are achieved for adopting SEBF.

5.6.3 Galvanised Steel Insulted Composite Facade

As shown in Fig. 5.7, G. Steel ICF has no influence over the ranking of life cycle phases.
However, an 8.32% increase is observed in total CED. The exact contribution of each life cycle
phase also fluctuates but within a larger range of 7.81% to 100%. It is noteworthy that EEm

increases by 34.55% because of the extensive use of energy intensive materials in G. Steel ICF.
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This may be associated with the massive use of EPS, galvanised steel sheets, sections and ties
which are energy intensive materials [148]. Due to the importation of these three materials, EE;
is also doubled from 2.18 MJ/m?/y to 4.36 MJ/m?/y. Although, the impact of EE. on the total
CED is not significant, a 50% increase is observed due to the use of welding and revetting

equipment.

G. Steel ICF

cwp 124 033 1322 0.004

L] = 10 15 20 25
kg'Ci0feq/nf iy

cp [8E s mos o
e

0 5 10 15 20 25
=5 KWhim2

= MNaterials production Transportation to site Building operation
® Construction u CED

Fig. 5.7 CED and GWP for per unit GFA and across the building lifespan

Fig. 5.7 also illustrates the GWP. A decrease from 18.04 kgCO2eq to 15.79 kgCO-eq
approximates to 12.47% is observed. The unique influence of each material explains the higher
ratio of EEm to GWPm [199]. For CBMF, 32.48 MJ/m?ly of EEn yields 3.53 kgCOzeq of
GWPeem Whereas 43.70 MJ/m?ly yields 2.24 kgCOzeq. Like EE:, GWP; is significantly
decreased by 234% although the absolute value is negligible. The results is not directly
comparable with the existing studies as the impact of supporting frame is considered,
nonetheless the main sources of CED and GWP are identified the same as [148]. A breakdown

of EE and GWPek is provided in Table 5.9.
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Table 5.9 Embodied energy and global warming potential of Galvanised Steel Insulated

Composite Facade

Materials EE (MJ) GWP (kgCO2e)
Materials Production Phase

EPS 39,526.12 1,467.73
Galvanized Steel Sheet 81,501.84 5,628.72

Paint 189,441.00 7,343.28

Steel Sections 26,889.98 2,014.27

Steel ties 26,959.18 2,019.45
Window 30,115.53 1,759.81

Transportation Phase

EPS 2,561.91 189.55
Paint 7,960.53 584.27
Steel Panel 15,173.31 1,122.56
Steel Section (Studs) 4,374.37 323.63
Steel ties 5,926.53 438.46
Window 3,335.10 284.5

Construction Phase

Structure 534.87 39.78
Windows 235.58 12.04
Total 434,535.84 23,228.04

5.6.4 Shotcrete Insulated Composite Fagade
Fig. 5.8 illustrates that Shotcrete ICF does not affect the lifecycle phase ranking.

However, total CED and contributions of all life cycle phases are increased significantly. The
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contributions of each material to life cycle phases are presented in Table 5.10. The operational
energy is predicted as 59.86 MJ/m?/y corresponding to 8.39% decrease in EE,. On the other
hand, EEm and EE:are increased by 11.95% and 404.59% respectively. The cumulative impact
of these increment significantly affects total CED. The total CED is increased by 7.32% (7.32
MJ/m?/y) with the largest increase in EE. for Shotcrete ICF. EE. is increased by 250% although
the absolute value remains comparatively less significant. In terms of GWP, Shotcrete ICF
contributes the second highest impact. GWP is increased by 6.88%, equivalent to 1.24
kgCO2eq/m?ly. The contribution of construction and transportation phases to total GWP are
increased while those of the material production and operational phases are decreased. It is
observed that GWPEg. is scaled up over 7 times while GWPeg: is scaled up over 4 times of
CBMF. On the contrary, GWPeem and GWPoe are decreased by 22.38% and 8.37%

respectively.

Shotcrete ICF

kg/CO%q/my

cap [TTTam  ner o

0 5 10 15 20 25
x5 KW him2/y
» Materials produdion Transportation to site B uilding operation
m Construction uCED

Fig. 5.8 CED and GWP per unit GFA and across the building lifespan

Table 5.10 Embodied energy and global warming potential of Shotcrete Insulated Composite

Facade
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Materials EE (MJ) GWHP (kg CO2e)
Materials Production Phase

EPS 59,476.59 2,208.56

Paint 109,740.00 5,196.84

Render 16,354.94 2,817.94
Shotcrete 58,150.79 9,104.42

Steel Reinforcement 23,373.92 2,012.75

Welded Mesh Fabric 30,907.12 1,636.26
Windows 30,115.53 1,759.81

Transportation Phase

EPS 18,336.61 1,532.46
Paint 7,360.53 544.61
Render 541.81 40.29
Shotcrete 1,980.64 147.30
Steel Reinforcement 29,536.79 2,468.71
Welded Mesh Fabric 38,161.83 3,189.69
Windows 3,335.10 284.50

Construction Phase

Shotcrete 1,061.40 78.94
Windows 235.58 12.04
Total 428,669.18 33,035.12

5.6.5 Life Cycle Cost
The life cycle cost for all facade systems are presented in Fig. 5.9. CBMF is proved as

the most expensive among the assessed facades. Because of the higher replacement factor of
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materials used in Shotcrete ICF, G. Steel ICF and CBMF, their recurrent costs contribute up to
40% of the total cost. However, the recurrent cost of SEBF is much lower and constitutes to
21% of the total life cycle cost. The lower cost of SEBF can be associated with the lower cost
of stabilised earth blocks as well as the relatively less amount of material used in this fagade.

The cost of Shotcrete ICF, G. Steel ICF and SEBF is 4.56%, 22.44% and 47.87% lower than

that of CBMF.
m Initial Cost m Recurrent Cost

350 309.70

300 28673
~ 250 231.17
- 194.05 104,05 20721
=< 200
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T 150
O 100

55.40
50 I
0

Shotcrete ICF  G. Steel ICF CBMF SEBF

Fig. 5.9 Life Cycle Cost for all fagades per floor area

5.7 Scenario analysis

The scenario analysis indicates that EE and GWPEee of Shotcrete ICF are scaled down
by 6.32% and 6.46% respectively when paints and EPS are sourced locally. By sourcing steel
locally, EE and GWPee is reduced by 12.81% and 13.89% respectively. A reduction of the
thickness of shotcretes by 10mm can lower EE and GWPee by 3.51% and 7.06%. Cumulatively,
22.64% and 27.41% reduction of EE and GWPek is attained. For G. Steel ICF, 2.36% of EE
and 2.48% of GWPee is reduced by sourcing paints and EPS locally. Likewise, sourcing steel
locally, reduces EE and GWPee by 4.80% and 6.32% respectively. Both scenarios reduce EE

and GWPee by 7.16% and 8.80%. For CBMF, the hollow block scenario reduces EE and
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GWPee by 9.6% and 11.12%, while 2.29% of EE and 1.48% of GWPee reductions are attained
by sourcing paints and EPS locally. Furthermore, the use of locally manufactured steel reduces
EE and GWPEee by 1.13% and 0.85% respectively. Thus, a total reduction of 13.02% of EE and
13.45% of GWPee are attained by applying all three scenarios. After replacing reinforced
concrete lintels in SEBF with reinforced stabilized earth blocks, the total EE and GWPEek is
reduced by 11.68% and 15.58%. By sourcing steel locally, an additional 0.19% of EE and
0.29% of GWPee reduction are attained. Cumulatively the total EE and GWPek is reduced by
11.87% and 15.87% respectively. Table 5.11 provides the percentage reduction in EE and GWP
from the scenarios identified in Table 5.5. Also, ranking of the fagades in accordance with CED,
GWP and cost before and after the scenario analysis are provided in Table 5.12. It is observed
that SEBF outperforms all alternatives except for GWP, in which CBMF ranks first after the

scenario analysis.

Table 5.11 Percentage reductions after scenario analysis

Scenario Shotcrete ICF G. Steel ICF CBMF SEBF

CED GWP |CED |GWP |[CED |GWP |CED GWP

Paintand EPS | 6.32% | 6.46% |2.36% | 2.48% | 2.29% | 1.48% - -

Steel bars, 12.81% | 13.89% | 4.80% | 6.32% | 1.13% | 0.85% | 0.19% | 0.29%

plate, and ties

Wall design 3.51% | 7.06% - - 19.60% | 11.12% | 11.68% | 15.58%

Table 5. 12 Ranking of four facade before and after scenario analysis
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Rank Shotcrete | G. Steel | CBMF | SEBF
ICF ICF
By CED Before scenario analysis 3 4 2 1
After scenario analysis 3 4 2 1
By GWP Before scenario analysis 3 2 4 1
After scenario analysis 4 3 1 2
By cost 3 2 4 1

Overall, this study indicates that the operational phase makes the greatest environmental
impact across all facade systems, followed by the material production phase, transportation
phase and construction phase. In comparison with the reference facade (CBMF), total CED of
SEBF is decreased by 39.13% while CED of Shotcrete ICF and G. Steel ICF is increased by
8.32% and 7.32% respectively. On the other hand, GWP is decreased by 18.07%, 12.47% and
6.88% for SEBF, G. Steel ICF and Shotcrete ICF respectively. The scenario analysis reduces
CED and GWP of all facades with a major impact on Shotcrete ICF. The economic assessment
showed that the reference facade (CBMF) has the highest cost. In comparison, the cost of SEBF,

G. Steel ICF and Shotcrete ICF is reduced by 47.87%, 22.44% and 4.59% respectively.

5.8 Summary

This chapter presents a comparative assessment of three facades systems with a
conventional fagade system used in Ghana. A sustainable design process is modelled to guide
stakeholders involved in the decision-making process to select facades with lower
environmental impacts. In this approach, the developed BIM-based LCA method is applied to

swiftly evaluate the lifecycle impacts of the different fagade systems.
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A detailed comparative assessment of G. Steel ICF, Shotcrete ICF and SEBF with the
conventional CBMF is performed for a low-income Ghanaian residential building. Given the
expected increase in housing developments, findings of this study are useful for selecting
sustainable fagades to lower their environmental impacts. An important contribution is
therefore the detailed life cycle assessment of Shotcrete IFC, G. Steel IFC in each stage and a
deliberate consideration of the construction industry in Ghana. Also, the assessment serves as
pioneer research for more comprehensive life cycle assessments in future.

This study covers the entire life cycle of all four facade except the end-of-life stage
where reliable data are not available for Ghana. The comparative assessment revealed that
SEBF can save up to 39.13% of CED, 18.07% of GWP and 47.87% of the cost. Also, for all
facades, the operational stage accounts for the largest life cycle impact whereas material
production accounts for most of the embodied impact. Scenario analyses indicate that the
impact of transportation is significant, as sourcing materials locally can reduce CED and GWP
of Shotcrete IFC by over 18%.

The developed framework is also suitable for assessing buildings in similar regions with
immature LCA applications given the adoption of the ICE database. The exact transportation,
construction, operation and end-of-life situation can then be evaluated and combined with the
material production stage to provide the total environmental impact of a building. The approach
can also be applied to different building elements/components as well as architypes.

Although the framework is applicable to the entire building, it is demonstrated for the
facade system. Furthermore, design optimizations and decision-making strategies would be
incorporated into the framework to investigate diverse building archetypes, multiple

geographical regions and include the end-of-life stage in the following chapters.
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CHAPTER 6 TIER-HYBRID UNCERTAINTY ANALYSIS APPROACH FOR
LIFECYCLE IMPACT ASSESSMENT
This chapter aims to study the uncertainties in the lifecycle assessment of buildings in order
to improve the accuracy and precision of LCA results. A novel tier-hybrid method which
integrate quantitative and qualitative uncertainty characterization is applied to evaluate the
impacts of parameter uncertainties while proper assumptions are adopted to explore scenario

and model uncertainties.

A second typical public rental housing block in Hong Kong is selected as a case study.
The building is characterized by a reinforced concrete structure with prefabricated components.
The gross floor area and total height are 12488 m? and 107 m, respectively. There are 36
habitable floors with 10 standardized flats on each. The ground floor and roof house electro-
mechanical equipment. The design information and material specifications are acquired from a

BIM model of the building as illustrated in Fig. 6.1.

6.1 Assessment of embodied impacts

Deterministic and stochastic analyses are performed for each building material or
process which is summed up for comparison in Tables 6.1 and 6.2. The mean overall lifecycle
impacts (B2) are estimated as 6.86 GJ/m? and 638.28 kgCO>/m?, which are consistent with the
deterministic results (B1). The minimum and maximum lifecycle impacts are 67.69% and
137.42% of the mean CED while 68.79% and 134.83% of the mean GWP. SDs of the overall
CED and GWP are determined to be 0.76 GJ/m? and 71.75 kgCO2/m? with corresponding CVs

of about 11.79%.
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Fig. 6.1 BIM model and a typical floor plan of the case building
Table 6.1 Comparison of the stochastic and deterministic cumulative energy demands
Lifecycle phase Cumulative energy demand (GJ/m?)
Deterministic Stochastic (B2)
(B1) Mean Minimum Maximum
Material production 4.99 4.99 3.62 6.67
Building maintenance | 1.34 1.34 0.79 1.95
Transportation 0.30 0.29 0.09 0.80
Construction 0.23 0.23 0.15 0.23
Total lifecycle impacts | 6.86 6.86 4.65 9.43
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Table 6.2 Comparison of the stochastic and deterministic global warming potential.

Life Cycle Phase Global Warming Potential (kgCO2-eq./m?)
Deterministic Stochastic
Mean Minimum Maximum

Material Production | 494.91 495.78 357.84 647.16
Building Maintenance | 87.56 87.52 53.12 124.57
Transportation 22.09 22.16 6.83 4451
Construction 32.99 32.82 21.27 44.36

Total life cycle phase | 637.56 638.28 439.05 860.60

Contribution analyses in terms of CED and GWP are presented in Figs. 6.2 and 6.3,
respectively. It is observed that over 54% of CED and 66% of GWP are generated from the use
of concrete and steel. Other materials also contributed significantly higher to both CED and
GWP than reported in previous literature [98,112,187]. Particularly, windows, doors, composite
mortar and ceramic tiles together contribute over 19% of both GWP and CED because of their
high impact coefficient despite the low usage rate. From the perspective of uncertainties in
material production, CV of each material ranges from 8.9 to 15.95 indicating a low dispersion
around the mean. Materials yielding the highest uncertainties include windows, doors,

aluminum, paint and formwork.

Fig. 6.4 illustrates a contribution analysis of the maintenance stage. It is assumed that
public rental residential buildings have very limited opportunities of major renovations, so that
building occupants have less influences over building maintenance. All maintenance activities

throughout the lifecycle of the building is only to keep the required basic performance.
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Due to the complexities in modelling the actual degradation of components in high-rise
buildings (e.g. challenges in visual inspection and lack of maintenance data), this study employs
fixed cycles of replacement as applied in previous studies. The variations in the service life of
building components and materials are counted as uncertainties in this lifecycle phase. From
Fig. 6.4, it is observed that the majority of the impacts is from windows, doors and paint
contributing 87.75% of CED and 82.28% of GWP. Composite mortar, glass, aluminum, PVC
membrane and gypsum plaster correspondingly constituted 12.25% of CED and 17.69% of
GWHP. Although the latter contributed less, larger uncertainties are observed due to great
variation in their maintenance schedules. The overall CV for the maintenance phase is found to
be 24.59%. Given the contribution of these materials to both material production and
maintenance, the comprehensiveness of system boundaries is critical for LCA results and
therefore requires necessary adjustments especially when only primary materials are

considered.
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Fig. 6.4a Cumulative energy demand Fig. 6.4b Global warming potential

Fig. 6.4 Contribution analysis of building maintenance phase
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CVs of the transportation and construction phases are comparatively higher although their
contributions to the total lifecycle impact are very low. Specifically, the overall CV of
transportation is 29.73% due to the wide variation in the transportation distance of materials
other than precast and insitu concrete. Similarly, the CV of construction phase is 19.47% owing
to the assumption that construction process details are estimated based on previous literature.
Nonetheless, the findings are coherent with Teng and Pan (2020) which recorded much higher

uncertainties in the transportation and construction phases.

6.2 Scenario uncertainties

6.2.1 End-of-life cycle strategies

Currently, recycling of demolished materials at the end of a building’s life cycle is
promoted in circular economy literature [214]. In this context, end-of-life management
strategies such as selective demolishing, onsite or offsite sorting and recycling may increase
the contribution of the end-of-life phase. Scenarios EoL1 and EoL2 consider two end-of-life

management strategies.

In EoL1, demolished materials are transported to an offsite sorting yard, non-inert
materials (e.g. wood and paper wastes) are landfilled and concrete is disposed at public filling
areas, whereas steel is recycled. Embodied impacts from recycling are estimated using the
impact coefficients of materials with an assumption of 100% recycled contents. As indicated in
Fig. 6.5, the mean value for recycling alone results in a saving of 0.69 GJ/m?in CED and 33.10
kgCO2/m?in GWP. Demolition, sorting and transportation jointly increase CED by 0.24 GJ/m?
and GWP by 34.91 kgCO2/m?. In total, EoL1 results in a net CED saving of 0.45 GJ/m? but net
GWP increase of 1.80 kgCO2/m?. The foregoing scenario assumes the shortest transportation
distance for all activities. To further explore the impact of transportation, 24 other possible sub-

scenarios generated by combining different sorting and public disposal/landfill sites in Hong
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Kong are presented in Fig. 6.6. The impact of transportation is highlighted as a combination of

the longest transportation distances can increase CED by 2.7 times and GWP by 13.7 times.
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Fig. 6.5 Comparison of end-of-life management strategy 1 and 2
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Fig. 6.6 Scenario analysis of end-of-life management strategy 1
EoL2 considers a selective demolishing strategy in which wood wastes and aluminum
in windows are sorted on-site while all other demolished materials are sorted offsite. This
strategy is designed to include an extensive recycling of materials including aluminum,

galvanized steel, iron steel and timber. Other materials such as concrete are disposed at public
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filling areas. The mean value for the recycling scenario indicates savings of 0.76 GJ/m?in CED
and 37.34 kgCO2/m?in GWP. The total mean values for demolition, sorting and transportation
increase CED by 0.24 GJ/m?and GWP by 34.57 kgCO2/m?. Cumulatively, net savings of 0.52
GJ/m?in CED and 2.78 kgCO2/m?in GWP are achieved. Also, the results from 8 sub-scenarios
are shown in Fig. 6.7. It can be observed that the mean values of the base scenario EoL2 could
be increased by 2.1 and 6.2 times for CED and GWP respectively given that the farthest sorting,

landfill or public filling areas are used.
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Fig. 6.7a. Cumulative energy demand. Fig. 6.7b Global warming potential.

Fig. 6.7 Scenario analysis of end-of-life management strategy 2

6.2.2 Alternative materials

The use of recycled aggregates is considered a strategy to reduce the energy use and
carbon emission, so that SC1 is defined to evaluate the impact of recycled aggregates for
concrete production. Furthermore, two sub-scenarios are defined to explore the impact of
transportation within this context. The first sub-scenario assumes that aggregates are recycled
at a site with an equal transportation distance to the production site of virgin aggregates. The
second sub-scenario on the other hand considers a recycling site 15 km away from the insitu or

precast concrete production site. For each sub-scenario, usage rates of 50%, 70% and 100% are
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considered for recycled aggregates. Fig. 6.8 presents a comparison between the two sub-
scenarios and with B2. Considering an equal transportation distance, a very minor reduction in
the total lifecycle CED is observed across the three usage rates (less than 1% for CED and 1.2%
for GWP). Thus, increasing the usage rate of recycled aggregates yields insignificant impact
on LCA results. For a recycling plant 10 km away from the concrete production site, a slightly
higher impact is observed. The CED is reduced by 1.19%, 1.65%, 2.34% for 50%, 70% and
100% usage rates respectively. Similarly, the GWP is reduced by 0.92%, 1.35%, and 1.91%. It
can be observed that LCA results are more sensitive to increases in the usage rate which can
decrease transportation distances. Such observations echo with [215], which explored the

lifecycle impacts of recycled aggregates for concrete production in China.
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Fig. 6.8 Impact reduction from the use of recycled aggregates.

The use of cementitious materials is a major source of the energy use and carbon
emissions, so that SC2 and SC3 are defined to replace OPC with GBFS and PFA respectively.
Furthermore, replacement rates of 50%, 70%, and 80% are defined for both materials as sub-

scenarios. Replacement of OPC is performed for three materials namely concrete, composite
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mortar and cement paste. Fig. 6.9 illustrates the reduction in CED and GWP for both GBFS and
PFA in comparison to B2. It can be observed that the use of GBFS reduces the overall average
CED by 8.11%, 11.34% and 12.95% for 50%, 70% and 80% replacement rates respectively.
Comparatively, higher GWP reductions of 11.8%, 15.95% and 18.24% are achieved for the
same replacement rates. With the use of PFA, 6.13%, 8.57% and 9.79% reductions in CED are
achieved for 50%, 70%, 80% replacement rates respectively, while 8.65%, 12.13% and 13.88%

reductions are achieved in GWP for the same replacement rates.
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Fig. 6.9 Impact reduction from the use of alternative cementitious materials.

6.3 Model uncertainties

Scenarios M1 and M2 examine the effect of analytical model uncertainties for LCA
results. For the baseline stochastic assessment (B2), a tier-hybrid approach is applied by
incorporating a lognormal distribution for DQI components and normal distribution for

statistical components. Alternative distributions such as triangular, uniform and normal are
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further coupled with the proposed hybrid method or a pure DQI approach to study their potential
impact on LCA results. Table 6.3 presents a comparison of the overall mean impact of

alternative distributions on the proposed tier-hybrid approach and pure DQI approach.

For scenario M1, it should be noted that only probability distributions of DQI-based
parameters are modified whereas statistical parameters are held constant. In comparison to the
lognormal distribution, the overall sample mean of uniform, normal and triangular distributions
is about 6% lower with similar implication in their standard deviations. Moreover, the CV for

each distribution does not vary significantly (about 11%).

In the case of M2, it can be observed that the mean overall lifecycle impact with
lognormal distribution is slightly higher (1.6% for CED and 1.56% for GWP) than the base
scenario (B2). Comparing the uniform, normal and triangular distributions to the lognormal
distribution, decrements of about 3.5% are observed for both CED and GWP. From the
perspective of CVs, the pure DQI approach yields a slightly lower value across all distributions

(approximately 9%).

In general, few studies have evaluated uncertainties in building LCA. Among these
studies, a semi-quantitative approach incorporating the DQI-based assessment and stochastic
simulation is commonly used. A pure statistical distribution of uncertainty parameters could
increase the reliability of DQI based assessments but has scarcely been applied in literature.
This research therefore applied a tier-hybrid approach integrating pure statistical distributions
and DQI-based methods to evaluate uncertainties in the lifecycle CED and GWP of a case

building in Hong Kong.
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Table 6.3 Comparison of overall mean lifecycle impacts, standard deviation and coefficient of

variation from different probability distributions.

Approach CED GWP
n' c CcVv n' c CcVv
Distribution | (GJ/m? (kgCO2
) -eq./m?)
Tier- Lognormal 6.86 0.76 11.74 638.28 | 71.75 11.79
hybrid Uniform 6.46 0.72 11.68 602.20 |67.15 11.68
(M1) Normal 6.47 0.72 11.53 601.52 |67.10 11.68
Triangular 6.46 0.72 11.64 602.00 |67.39 11.73
Pure DQI | Lognormal 6.97 0.63 9.62 647.50 | 59.99 9.84
(M2)
Uniform 6.71 0.62 9.84 624.88 | 56.30 9.47
Normal 6.70 0.62 9.73 624.17 | 57.45 9.75
Triangular 6.68 0.61 9.32 623.99 |57.37 9.73

The reliability of the tier-hybrid approach is validated as the mean CED and GWP at

different levels of assessments (e.g. individual materials and processes, lifecycle phases and

overall impacts) are consistent with the deterministic results. Thus, it is validated for further

discussion of the afore-described analysis. Considering the deterministic results alone could

lead to misinterpretation of LCA results as it does not reflect potential variations in input

parameters. From the perspective of lifecycle phases, the material production phase contributes




the largest impact but the least uncertainty. On the contrary, transportation, construction and
end-of-life phases with relatively lower impacts are embedded with very large uncertainties.
High uncertainties in the transportation phase can be explained by the large variation in
transport distances of modeled materials. High uncertainties in the construction phase can be
attributed to poor quality input data based on assumptions and estimations from previous
studies. Similarly, the rarity of end-of-life cycle modelling implies the use of unverified or
unrepresentative input data. This study further explores the contribution of each material to the
impact of the material production stage. As commonly reported, concrete and steel contribute
the majority of building impacts, although lower than reported in previous studies. The
contribution of other materials such as windows and doors is significant with even higher
uncertainties than primary materials like steel and concrete. Wide variations are observed in the

impact coefficient of the former group in comparison to the later.

Based on the scenario analysis, essential approaches to reducing lifecycle impacts are
identified. For the end-of-life management strategies, the demolishing, transportation and
sorting process increases the overall lifecycle impact, but recycling strategies can reduce such
impact especially when extensively adopted. As a proof, EoL2 reduces CED and GWP by
7.78% and 0.43% respectively, while much a higher GWP saving can be achieved with a cleaner
fuel mix. Key attention must be given to transportation as the impact of end-of-life activities is
highly sensitive to alternative sorting, landfill and public filling areas. From the perspective of
alternative materials, maximum carbon savings are achieved by using GBFS and PFA to replace
OPC with significantly higher energy and carbon coefficients. Specifically, up to 12.9% (CED)
and 18.2% (GWP) savings can be achieved with GBFS while 9.8% (CED) and 13.79% (GWP)
with PFA. On the contrary, using recycled aggregates yields very limited impact reductions of
about 0.28% and 1.25% in CED and GWP respectively. By decreasing the transportation

distance to the recycling site, the maximum CED and GWP savings can be increased to 2.34%
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and 1.91%, respectively. Totally, up to 19.91% of the overall CED and 15.23% of the overall
GWP can be saved through a combination of alternative materials and end-of-life management

strategies.

The results of the model/analytical uncertainty imply that the final output uncertainty is
highly correlated with defined probability distributions rather than the uncertainty
characterization method. Hence integrating the pure statistical approach based on adequate data
with the DQI method can reflect uncertainties more precisely. However, the proposed tier-
hybrid approach can increase dispersion of LCA results as pure statistical distributions are
collected from a wide range of sources. Finally, the selection of probability distributions can
significantly vary statistical modelling outcomes, so that particular attention must be paid to the

tier-hybrid approach when combining different probability distributions.

6.4 Summary

This chapter evaluated the uncertainties in the lifecycle assessment of buildings using a
reliable tier-hybrid approach. The pure statistical and DQI approaches are integrated to increase
the comprehensiveness and accuracy of uncertainty evaluations. A case study was performed
on a typical public rental housing block in Hong Kong using both deterministic and stochastic
approaches, where lifecycle impacts are expressed in terms of CED and GWP. The stochastic
approach exemplifies the proposed tier-hybrid approach which can be adopted by LCA
modelers in future. In this approach, pure statistical distributions are applied when rich
information is available and complemented with expert judgement (DQI) where information is
insufficient. Insights from the study provide a basis to interpret future LCA results in which
multiple probability distributions are jointly applied in an analytical model. Hence the impact
of arbitrarily assigning probability distributions due to data deficiency can be appropriately

quantified.
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The results of this study validate the initial hypothesis that a tier-hybrid method can
improve the efficiency and accuracy of the uncertainty evaluation in building LCAs. Firstly,
the results of this approach are proven valid because the mean stochastic outputs are almost the
same as the deterministic results. It can be therefore concluded that the statistical
characterization of uncertainties coupled with the DQI approach is an accurate method to
characterize and propagate building LCA uncertainties. Secondly, the study further strengthens
this approach by illustrating the effects of different probability distributions for the exploration
of analytical uncertainties. It should be noted that the results vary slightly when the tier-hybrid
approach is compared with the pure DQI approach. Lastly, the study illustrates the impacts of
different probability distributions on the tier-hybrid approach in tandem with the impact of

probability distribution on the pure DQI approach.

The main findings from evaluating scenario and model uncertainties can be summarized

as follows:

e The material production stage yields the least uncertainties although it contributes the
most to the overall lifecycle impact.

e The overall uncertainties in other phases are significantly higher than the material
production stage, and decrease in the order of transportation, maintenance, to
construction.

e An extensive end-of-life management strategy can produce significant CED savings
which will be translated into a lower GWP using a cleaner fuel mix.

e Replacing virgin aggregates with recycled aggregates yields minor impact reduction,

whereas replacing OPC with GBFS or PFA produces large CED and GWP savings.

Overall, this study provided deep insight into applying a tier-hybrid approach to

evaluate the uncertainties in the lifecycle of buildings. In future research, the collection of data
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for pure statistical methods could be stratified to facilitate a more detailed estimation of
uncertainties. Basic uncertainties can be processed as a function of pure measurement errors,
while additional uncertainties can be processed as a function of geographical, temporal or

technological differences.
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CHAPTER 7 STAGED WHOLE LIFECYCLE ENERGY OPTIMIZATION
ALTERNATIVE COMPOSITE FACADE SYSTEMS FOR MID-RISE RESIDENTIAL
BUILDINGS

Following the comparative study in Chapter 5, this chapter aims to optimize the
performance of a mid-rise residential building using the developed method. Multi-objective
optimizations are performed considering the four facade systems, other passive design
parameters and renewable energy systems. The optimization is executed in a stepwise approach
while considering the trade-off between embodied and operational impacts of the building. The
systematic approach followed for this two-staged approach is illustrated in Fig. 7.1. First a base
model is designed parametrically with reference to local data on residential buildings followed
by an optimization of the building geometry and renewable energy system. The result of the
first stage optimization is then processed for a second optimization of the trade-off between the

embodied and operational impacts.

7.1 Case study building model

The case study model is a mid-rise residential building located in Accra, Ghana. Such
buildings are classified as mid-income dwellings. The building was designed with reference to
as-built drawings retrieved from the owner and a field survey and is representative of a typical
residential building in sub-Saharan Africa. The building is a 10-floor apartment block with a
total area and height of 30 m. The floor plan and 3D model are shown in Figure 7.2. Each floor
has 4 units, a stair, an elevator, and a corridor which leads to the four units. Also, each unit
consists of a living room, kitchen, washroom, storeroom and three bedrooms with a total surface
area of 480 sg.m. The envelope of the base case consists of a 150 mm sandcrete block wall with
a 15 mm thick cement sand render on both sides, a 100 mm reinforced concrete floor, with 25
mm thick cement sand mortar and ceramic tiles, an Aluzinc metal roofing sheet with timber

carcassing, and 6 mm clear single glazed aluminum windows. A parametric model of the case

125



building is built in McNeel Rhinoceros/Grasshopper which is a valid modelling platform with

plugins for numerous analyses including the energy simulation using Ladybug and Honeybee

[37].
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Fig. 7.1 Framework for two-stage optimization of residential building

Regarding the thermal zones, each space within the units, the connecting corridor and
stairs are considered as separate thermal zones. The building schedules illustrated in Figures.
7.3 and 7.4 were defined through a survey with the building occupants. The figures illustrate a
daily profile which is composed of hourly values. Each hourly value represents a fraction of the
occupancy, HVAC, lighting, or equipment uses in relation to the peak values (i.e. 1.0). All

living spaces are occupied during non-working hours whereas corridors and stairs are occupied
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before and after non-working hours. All spaces are equipped with a split-type air conditioner
(COP of 2.6) except the connecting corridors, stair, storerooms, and washrooms which are

naturally ventilated. The building requires only cooling and a cooling setpoint of 24 °C is

defined.
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Figure 7.2a Floor plan

Figure 7.2b Floor plan

Fig. 7.2 Floor plan and 3D BIM model of the case study building

127



Fraction of peak value

1 000000 (o]
0.8
0.6
0.4
0.2

o0
0 “'.'.‘.J
1 3 5§ 7 9 11 13 15 17 19 21 23

Hours

=@=Ljving room ==@==Kitchen e=Qm=Bedroom

O~ Corridor =Q==TWashroom

Fraction of peak value

e
w

e
=)

=
=

e
9

(e}

=
o
o]
o
]
[e}

O 00000

7 9 11 13 15 17 19 21 23
Hours

[
W
n

==@==Living room ==Q==Kitchen ==Qu=B edroom

O~ Corridor =0==Washroom

Figure 7.3a Occupancy schedule

Figure 7.3b Lighting schedule
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Fig. 7.4 Weekend building schedules

The study explores a number of passive and active design strategies related to building

geometry, renewable energy application and the thermophysical properties of fagades used
within the region of the case study building [216]. The strategies related to building geometry
and renewable energy systems were selected with reference to the reviewed studies and

summarized in Figure 5. For the thermophysical properties of the fagades, a field survey was




conducted to identify different local fagcade types and materials used within the region. Detailed
descriptions of the survey on different local facade types are provided in Chapter 5 [217].
Through the survey, four local fagades including that of the base case model were identified. In
addition, a BIPV window is also investigated in this study. The passive strategies and active
strategies investigated include window-to-wall ratio, building orientation, external wall
material type and external wall materials thickness, HVAC system, rooftop photovoltaic system
and the BIPV window. Particularly, the fagade materials are defined according to commercially
available prototypes in order to provide a realistic result which is practically applicable to the
region. Opaque mono-crystalline silicon modules with an average conversion efficiency of 15%
are used for the rooftop PV whereas semi-transparent amorphous silicon modules with a
conversion efficiency of 6.3% are used in the windows of the BIPV window [171]. The roof-
top PV is assumed to cover 90% of the roof space in order to ensure roof accessibility. Various
orientations of the solar panel were investigated to maximize the PV electricity generation. The
range of the design parameters investigated, and the construction detail of the studied facades

are illustrated in Table 7.1.

The case study building is located in Accra with a Tropical Savanna Climate (Aw) under
the Koppen-Geiger climate classification. The dominant characteristics are prolonged hot
summers with moderate rainfalls from March to mid-November. The monthly average outdoor
temperature range between 23 °C and 34 °C whereas the daily outdoor average temperature
ranges from 24 °C during the night to 30 °C during the day. According to the climatic data, the
climatic condition in the northern areas of Ghana and other regions of sub-Saharan Africa vary
significantly. Bearing in mind that climate is a critical determinant of building energy
consumption, two other zones/countries are selected across sub-Saharan Africa to explore the
impact of climate on the building cooling load. In particular, a capital city is identified in each

zone/country to set a specific weather file: Nigeria (Abuja) and Burkina Faso (Ouagadougou).
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An hourly weather file for each city is retrieved for the energy simulation model. The weather
file for each city is retrieved from Climate Analytics in the EPW format for Energy Plus which
is a widely used energy simulation program. These weather files are typical meteorological year
(TMY) weather data which represent the long term mean weather conditions of the selected

locations.

7.2 Energy analysis

First the energy analysis is implemented in two stages simultaneously: operational
energy analysis; and the embodied energy analysis. The operational energy simulation includes
the net impact of building energy use (annual cooling, lighting, and equipment load) and PV
energy generation. The parametric building model is connected to Honeybee plugin
components which provide the function of energy simulation. Honeybee is utilized to assign
constructions, internal loads, lighting, HVAC (ideal load) and occupancy schedules, and
weather files. Hereafter, an IDF file is generated and run in EnergyPlus which produces the
simulation output. The values for infiltration rate are preset in the Honeybee plugin which
represent Passive house, tight building, ASHRAE 90. 1-2013, average building and Leaky
building. The simulation output includes annual cooling, lighting, occupancy, and equipment
loads. Similarly, Honeybee is used to parametrically define PV surfaces (including rooftop PV
and semi-transparent vertical BIPV fagades) which are coupled with a generator module.
Weather data are then assigned to simulate the PV electricity generation. The total building
energy use and PV electricity generation are both expressed in kWh/m?/yr. The building space

load and physical characteristics are illustrated in Table 7.2.

Embodied energy is defined as the energy required for the material manufacturing,
transportation, construction, maintenance and repairs, and the end-of-life cycle processes of the
building. LCA is performed in this study to measure the embodied energy of different

construction set and also to evaluate the trade-off between operational and embodied energy.

131



The LCA is performed with Grasshopper modelling tools. After assigning constructions to the
building model, additional parameters are created using the native Grasshopper components to
define the needed input parameters. The quantity of materials is extracted from the model and
matched with embodied coefficient in Grasshopper. The embodied energy is then evaluated by
multiplying the material quantities by their embodied coefficient. The system boundary is set
for the material production stage to construction stage and the building lifespan is defined as
60 years. The impact of PV is calculated is also estimated per unit area and with a lifespan of
25 years so that the PV modules are replaced once in their lifetime. The embodied coefficient
is sourced from Bath ICE since no country in sub-Saharan Africa has an LCA database.

Similarly, the embodied energy of the building is expressed in terms of KWh/m?/yr.

7.3 Optimization settings

A staged multi-objective optimization is performed by incorporating energy simulation
and embodied impacts assessments tools with a multi-objective optimization algorithm to find
the optimal building design from a lifecycle perspective. This approach allows the iteration of
design parameters in search for a solution that correspond with the optimal design goals. The
optimization is performed in Wallacei, an optimization plugin for Rhino/Grasshopper. Wallacei
plugin is driven by a genetic algorithm and allows users to define iteration loops for different
applications. Its analytical tools also allow different evaluations and visualizations of the
optimization results. The workflow of Wallacei involved optimization design by defining inputs
and output, setting (genetic algorithm parameters) and analytics (evaluation of results). The
main inputs include genes (design parameters) and the design objectives (building energy

demand, PV energy generation and embodied energy).
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Table 7.1 Variable for the two-staged optimizations [8,217-219]

Variable Values (unit) Range (unit) Notes

Building orientation 0(°) 0 (°) - 180 (°). 15 ° interval

Window-to-wall ratio 0.35 0.15-0.80 0.05 interval

Facade infiltration rate 0.0003 0.0001, 0.000071 | Represent tight
(m3/s/m?) , 0.000285, building, passive

0.0003, 0.0006

house, ASHRAE 90.1-

(m3/s/m?) 2013, Average leaky
building and leaky
building, respectively.

Rooftop PV 90 (% of roof Mono-Si cells with
area) 15% conversion
efficiency
BIPV Windows 90 (% window Driven by WWR
area) variable; a-Si cells
with 6.3% conversion
efficiency
Block wall | Ext. render 12 (mm) 10 (mm), 12
and Mortar (mm), 15 (mm)
facade Block wall 150 (mm) 100 (mm), 150
(BWMF) (mm), 200 (mm)
Internal render | 12 (mm) 10 (mm, 12 (mm),
15 (mm)
Shotcrete Ext. shotcrete 15 (mm) 10 (mm), 12
Insulated (mm), 15 (mm)
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composite | Mesh - -
facade reinforcement
(SICF) EPS insulation | 78 (mm) 50 (mm), 78
(mm), 100 (mm)
Mesh - -
reinforcement
Int. shotcrete 15 (mm) 10 (mm), 12
(mm), 15 (mm)
Galvanized | Int. galvanized | 0.6 (mm) -
steel steel plate
Insulated EPS insulation | 78 (mm) 50 (mm), 78
composite (mm), 100 (mm)
facade (GS. | Ext. galvanized | 0.6 (mm) -
ICF) steel plate
Compressed mud block facade | 200 (mm) 150 (mm), 200
(CMBF) (mm), 250 (mm)

The layers of facade are presented from the outer to inner layer

Table 7. 2 Building parameter settings

Variable

Value (unit)

Occupancy Activity level

2 (person/room) 120

(W/person)
Lighting gain 12 (W/m?)
Equipment gain 10 (W/m?)
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Variable Value (unit)
HVAC system IdeaLoadAirSystem
Cooling setpoint 24 (°C)

Roof U-value 0.35 (W/m? -C)
Floor U-value 1.5 (W/m? -C)
Window U-value 5.69W/m? k)

Likewise, the corresponding output include genomes (combination of input parameters
for each simulation run) and fitness values (design objectives). Furthermore, other data and
phenotypes may be included as inputs and outputs of Wallacei. In this study the optimization is
performed in two stages. In order to design the optimization problem, the dependent and
independent variables are identified for each stage. The main goal of the first stage is to optimize
PV power generation. The independent parameters for the first stage of the optimization include
PV (rooftop and BIPV windows), window to wall ratio, building orientation and window types.
Two dependent variables are defined to determine the optimal configuration for the independent

variables:

- Energy use intensity (kWh/m?/yr): the annual energy demand for cooling, lighting and
equipment for all conditioned areas of the building.
- PV energy supply (KWh/m?/yr): the total power generated from roof top PV and BIPV

windows.

Since the goal of this stage was to optimize the PV power generation, the inclusion of alternative
facades was less significant at this stage as it does not influence the PV energy supply. The
rooftop PV is designed to cover 90% of the rooftop area whereas the window BIPV capacity

is driven by the window to wall ratio parameter. Furthermore, operable windows account for
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10% of the window to wall ratio. Considering the above independent and dependent parameters
the optimization problem for stage 1 is designed to maximize PV energy supply and minimize

building energy use in Eq. (7.1) with reference to [24] as follows :
min{f; (0)} max {f,(9)},0 = [x1, x2, Xp] (7.1)

where f1 is the first objective function which minimizes the operational energy use; f2 is the
second objective function which maximizes PV energy supply; and 0 is a combination of any

design variables x , x, x .

The second stage is performed to explore facade types and strategies towards a low
whole lifecycle energy use which includes both the embodied and operational energy. Thus,
this stage is performed to jointly minimize both the embodied energy and operational energy.
The building model is set up using optimal configuration from the first stage of the optimization.
The independent variables for this stage include four fagades (including the base model) used
within the sub-Saharan Africa region. The description of various layers and characteristics of

these facades are presented in Table 7.1. Likewise, the dependent variables include:

- Operational energy use (KWh/m?/yr): the annual energy demand for cooling, lighting

and equipment for all conditioned areas of the building

- Embodied energy use (kWh/m?/yr): the total energy for manufacturing of building
materials, transportation, construction, and maintenance during the service life of the
building. Considering the above dependent and independent variables, the optimization
problem for stage two which minimizes both embodied and operational energy is

defined in Eq. (7.2) with reference to [29] as follows:

mln{fl(a)J f2 (a) },6 = [xlﬁ X2, xm] (72)
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where f1 is the first objective function which minimizes the operational energy use; f2 is the
second objective function which minimizes the embodied energy; and 0 is a combination of any

design variables x , x,, x

2m

Since the aim of this stage is minimize the whole lifecycle energy use of the building,
the joint optimization of both operational energy and embodied energy will ensure realistic
design solutions that optimally reduce both objectives. Thus, the trade-off between the

conflicting embodied and operational aspects are explored.

Stage one: Geometry and BIPV optimization Stage two: Facade materials optimization

Operational

» Energy Use E
Objective L
,| PV Energy | Embodied

Generation Energy

WWR
N Envelope Facade
Characteristics BIPV Facad
— acade

BIPV

Facade
infiltration

Fig. 7.5 Hlustration of passive and active parameters two-stage optimization [217]

The optimization is driven by NSGA-2 algorithm as the primary evolutionary algorithm
and was run on an intel core 17 desktop with 16gb of RAM. The average evaluation time for
each design simulation was 39” and 18 for stage one and two respectively. The genetic
algorithm parameters were set as follows: population size: 50; generation: 100; crossover
probability: 0.8; mutation probability: 0.1; crossover distribution index: 20; and mutation
distribution index: 20 [168]. The termination criterion used for this study is the maximum
generation since a test indicated convergence after the 90" generations. In this case, each

optimization ends with the 99" generation since the first generation is counted as 0. The Pareto
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front with the non-dominated solutions (i.e. no single objective can be improved without

sacrificing another one) is used to select the optimal design solutions).

7.4 Validation

For validation purposes the simulation model is calibrated by varying certain parameters
for the simulation model to fit metered data retrieved from the building management. The
American Society of Heating, Refrigerating and Air Conditioning Engineers (ASHRAE)
specify a method for validating the whole building energy simulation by evaluating the error
between real metered data and simulated results. For energy use, the ASHRAE guideline
specifies thresholds for the Coefficient of Variation of Root Mean Square Error (CV(RMSE))
and Normalized Mean Bias Error (NMBE) as 15% and £5%, respectively. It is recommended
that the base model is calibrated with a minimum of continuous annual metered data. The
calibration follows the process of designing the baseline model, analysis of primary results,

calibration against monthly metered data and validation using the CV(RMSE) and NMBE.

CV(RMSE) is illustrated in Eq. (7.3) as follows:

XF (mi—s7)?
n—

CV(RMSE) = i \/ x 100 (%) (7.3)
NMBE is illustrated in Eq. (4) as shown below:

NMBE = L . Z==50 5 100 (9) (7.4)
m n-p

where m is the mean of measured values; p is the number of adjustable parameters; n is the

number of measured data plot; m; is the measured values; and s; is the simulated values.

The main parameters for calibrating the building model include the building plan and

zone layout, utility data and operation schedules. For the building plan and zone layout,
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contextual details are evaluated to identify the real condition of the various zones including
storerooms, bathrooms, living rooms, bedrooms, and corridors. Hence, the simulation is
performed on a zone-to-zone basis rather than aggregating all zones. Furthermore, the as-built
properties of windows and glazing are also taken into consideration in order to improve the
simulation results. Lighting and equipment density and schedules are calibrated by varying the
number of lamps and equipment as well as their schedules. In terms of occupancy, density is
calibrated by modulating the ratio of working to non-working occupants. The usage of

equipment is also calibrated in relation to the occupancy density.

Table 7.6 shows the results of the calibration process in comparison to the threshold
specified by ASHRAE 14. It can be observed that the model accuracy in terms monthly

CV(RMSE) and NMBE are consistency with criteria of ASHRAE 14 guideline.

Fig. 7.6 Estimated CV(RMSE) and NMBE of calibrated simulation model for operational

energy uses

Index ASHRAE Criteria Baseline Model Calibrated Model
CV(RMSE) 15 32.58% 14.56%
NMBE +5% 24.43% -4.79%

Figure 7.7 shows the monthly energy use of the building including lighting, cooling,
equipment, and occupancy gains plotted against the metered data retrieved. It can be observed
that the monthly variation between the simulated data and the actual building energy use is less
that 5%. Cumulatively, the simulated annual energy use intensity is expressed as 135

kWh/m?/yr while the actual value is 128.76 kWh/m?/yr. This is relatively high when compared
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with the energy use intensity of a low-income dwelling house evaluated by [217]. The main
reason for this high deviation is the different energy use profile between the different two
groups of income earners. From the field survey, it was observed that the equipment density
per building area of the mid- income earners (present study) is much higher compared to the
low-income earners in the previous study. Also, the low-income earners mainly adopt heat
extraction fans whereas the mid-income earners largely rely on mechanical cooling. As
observed the lighting energy use is also much higher due to use of efficient lighting system and
design in the mid-income dwelling in this study. From Figure 6, it can be observed that the
cooling energy required is much lower in the months of June to September which due to lower
outdoor temperatures during this period. The lower temperature can be attributed to higher
rainfalls during this period. Given the minimal difference between the simulated and metered

data, the building energy model is suitable for subsequent optimization process.

14

—
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s Cooling = Lighting wssm Equipment —e==NMletered Data

Fig. 7.7 Validation of base model building loads
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7.5 Stage one optimization results

The results of the first-stage optimization is used to develop scatterplots as expressed in
Fig. 7.7. This plot shows the relationship between the building energy use and the PV power
supply using the results of 5000 simulations. Fig. 7.7a illustrates the entire solution space
whereas Fig.7. 7b shows the Pareto front. In the figure, each dot corresponds to a set of variables
(WWR, rooftop PV, BIPV window, infiltration rate and orientation) selected by the
optimization algorithm for each simulation run. The results of the design solutions that cannot
be improved without compromising the other objective are Pareto front solutions. In this study
the solutions that minimize the operational energy use but maximize the PV energy supply are
selected as the Pareto solution. Specifically, the optimal solution corresponds to a South
oriented building (180°). The window to wall ratio and PV window to wall ratio are 0.55 and
0.495, respectively. Also, the infiltration is 0.000071 m®/s/m? which underscores the essence of
an airtight facade. This optimal solution results reduces the operational energy use by 26.78%
when compared with the energy of the base case model. Fig. 7.9 illustrates the monthly energy
consumption and PV power supply of the optimal solution. It can be observed that except
March, April, May, September and October, the PV power supply exceed the energy use
requirement throughout the year. Nonetheless the energy deficit is less than 10% in these
periods. About 80% of the PV energy supply is generated by the rooftop PV while the remaining

20% is generated by the BIPV window.

Table 7.3 provides a detailed configuration of the Pareto optimal for the first stage
optimization. The table shows the list of Pareto front, the specific design parameters, PV power
generation, operational energy uses and the frequency of occurrence in a design solution in
series. The variables (genomes) for the Pareto front are summarized. It can be observed that all

solutions are characterized by a south facing building and almost all by an orientation of 180°.
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Fig. 7.9 Total operational energy use against PV energy supply

Furthermore, it is observed that the optimal solutions are spread uniformly across the
WWR ratio. Since 90% of the windows are replaced with BIPV, the variation in WWR results
in less significant changes in the operational energy use. It can be observed that the choice of
the best performing design solution is highly related to the WWR rather than the orientation

and infiltration rate. The results favor the exploitation of window and BIPV design in other to
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select design solutions that best fit. Figure 7.10 further illustrates the performance of design

variables against the energy use intensity for the optimized solution.

Table 7. 3 Configuration of Pareto optimal solutions of stage one

BO (°) WWR Facade Roofto EUI PV Energy | No. of
infiltratio | p PV BIPV | (kWh/m?/yr | Supply Pareto
n rate (Yoof |WW |) (KWh/m?/yr | solution
(m3/s/m?) | roof R ) in series

area)
165 0.15 0.000071 90 0.135 | 102.7616 84.97314 115
(

165 0.3 0.000071 90 0.27 102.6732 89.84629 92

180 0.45 0.000071 | 90 0.405 | 102.6403 91.47067 161

180 0.35 0.000071 90 0.315 | 102.6139 93.09505 115

180 0.55 0.000071 | 90 0.495 | 102.5882 94.71943 138

180 0.5 0.000071 | 90 0.45 | 102.5545 96.34381 161

180 0.4 0.000071 90 0.36 102.5248 97.96819 115

180 0.65 0.000071 | 90 0.585 | 102.4983 99.59257 115

180 0.7 0.000071 90 0.63 102.4748 101.217 138

7.6 Stage two optimization results

The results of the first stage of the optimization forms the basis for stage two of the optimization
process. In order to incorporate the optimal design solution from the first stage to the second
stage of the optimization, parameters (genomes) of the optimal solution are used to remodel the
base case design. The remodeled case building is a south oriented building with a 0.55 and

0.495 of WWR ratio and BIPV window ratio, respectively, has 90% rooftop PV coverage and
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a facade infiltration rate of 0.000071 m3/h/m?, Furthermore, the same solar cells and conversion
efficiencies are maintained for the rooftop PV and BIPV windows. The second stage of the
optimization is performed to demonstrate the trade-off between embodied and operational

energy of the building.
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Fig. 7. 10 Scatterplot of WWR, infiltration rate, oreintation and BIPV window ratio against

energy use intensity

The different layers of four facade type are varied to explore their performance on both
embodied energy and operational energy. In order to extend the boundaries of the study beyond
Ghana, the optimization is performed for two other regions, Abuja, Nigeria and Ouagadougou,
Burkina Faso. The results from the second stage of the optimization are presented in Figs. 7.11
to 7.13. The figures show the variations in operational and embodied energy and each dot in
the scatter plot represent a unique combination of different variables that control the types and
thickness of materials for a fagade type. Here, the goal is to minimize the whole lifecycle energy
use of the building (both embodied and operational energy) therefore the Pareto front are those
solutions that minimize both objectives in a manner that there is no possibility of decreasing

one objective without compromising another objective.
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Fig. 7.11 Scatterplot of operational energy use against embodied energy use (Accra, Ghana)
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From Figure 7.11, it can be observed that the design solutions for Ghana are clustered
around almost horizontally. This indicated that around these points, the operational energy is
relatively steady whereas the embodied energy fluctuates significantly. Particularly it is
observed that around the operational energy value of 87-89 kWh/m?/yr, the embodied energy
fluctuates with a difference as high as 15 kWh/m?/yr. This indicates that any further decrease
in the operational energy will results in an exponential increase in the embodied energy. A more
precise representation of the Pareto front is illustrated in Fig. 7.11b. Similarly, it is observed
that minimal reduction in the operational energy use leads to an exponential increase in the
embodied energy use. It is revealed that the distribution of the Pareto optimal solutions are more
concentrated and less distributed which confirm that significant embodied energy saving can
be around similar levels of operational energy. The configuration of the Pareto optimal solutions
are presented in Table 7.4. Considering the optimal design solution for the BWMF fagade, the
selected genes center around 150 mm thick block wall and a 10 mm thick render. Although
some optimal solutions increase the thickness of the render to 12 mm, the corresponding
increase in embodied energy is much higher than the decrease in operational energy. Therefore,
the net benefits from this solution is less desirable. All three thicknesses of the CMBF resulted
in similar operational energy, however the embodied energy increased significantly with the
increase in thickness. For the Shotcrete ICF, an insulation thickness of 78mm is most
representative of the optimal solutions and the most desirable shotcrete thickness is 12 or
15mm. An increase of the insulation thickness to 100 mm leads to an increase in the embodied
energy which is not proportional to the decrease in the operational energy. Unlike the foregoing,
the thickness of the insulation layer for the optimal GS. ICF has a uniformly spread insulation
thickness which proportional reductions in the operational energy use. However, an increase of

the insulation thickness to 100 mm yields an exponential increase in the embodied energy.
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Cumulatively, the net energy use of the optimal solution reduces yields an energy reduction of

about 24.59% in comparison with the initial base case model.

The optimization is performed for two other regions in sub-Saharan Africa: Abuja,
Nigeria and Ouagadougou, Burkina Faso, and the results are detailed in Figure 7.11 and 7.13,
respectively. It can be observed that the distribution of the entire solution are similar. However,
operational energy was much lower in these two regions compared to Ghana. This is mainly
attributed to the weather data thus the prevailing climatic conditions in the area. Likewise, slight
variations are observed in the embodied energy values due to the differences in transportation
distances and materials manufacturing processes. For instance, Nigeria is a major manufacturer
and distributor of cement in Africa, hence the impacts of transportation are slightly lower in
Nigeria when compared with Ghana. Specifically, the optimal solution for Abuja Nigeria and
Ouagadougou, Burkina Faso after the second stage of the optimization reduces the energy use

by 36.93% and 33.33%, respectively.

Table 7.4 provides a detailed configuration of the Pareto optimal for the second stage
optimization. The table shows the list of Pareto front, the specific design parameters, embodied

energy, operational energy uses and the frequency of occurrence in a design solution in series.

Table 7. 4 Configuration of Pareto optimal solutions of stage two
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Materials thickness (mm)

Pareto solutions

CM | BWMF Shotcrete ICF GS. Operatio | Embodie | Numb
BF ICF nenergy | d energy | er of
Ext. | Bloc | Int. | Ext. EPS Int. EPS (kwWh/m | (kWh/m | Paret
rend | k- rend | shotcr | Insulat | shotcr | insulat | 2/yr) 2lyr) 0
er wall |er ete ion ete ion soluti
onsin
series
150 92.63 9.24 92
200 91.85 12.22 115
250 91.23 15.18 138
10 100 10 91.22 21.86 92
10 150 |10 91.08 23.96 161
12 150 12 91.11 24.36 69
15 78 12 87.80 24.06 115
15 78 15 87.79 24.45 92
50 87.61 25.38 69
50 87.09 25.82 92
15 200 |15 87.80 25.06 115
15 100 15 86.59 29.33 69
12 78 12 87.80 24.33 115
12 200 12 87.80 24.36 69
15 200 12 87.80 24.98 115
100 86.78 30.00 161
12 100 10 86.59 28.93 138
12 100 12 86.59 29.33 69
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Fig. 7. 12 Scatterplot of operational energy use against embodied energy use (Abuja,

Nigeria)
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7.7 Summary

This study evaluated the optimal configuration of different building envelopes with
local materials representative of climatic conditions in the sub-Saharan region of Africa. An
evolutionary algorithm is coupled with the building energy simulation and LCA to explore the
optimal energy performance of different building envelopes and design variable under different
climatic conditions. A case study was performed on a typical residential building in Ghana
using a two-stage optimization approach which can be adopted by designers in similar regions.
In this approach, the building geometry and renewable energy is first optimized and adopted as
the basis to configure the building model for evaluating the trade-off between embodied and
operational energy with alternative facades in the second stage. Consequently, the arbitrary
selection of optimal building designs solely from the perspective of operational energy can be

avoided.

It has been proved that the proposed joint optimization approach considering the whole
lifecycle of buildings (including both operation and embodied energy) can improve the
modelling accuracy and reduce the lifecycle energy use. Such an approach is more favorable as
the optimization of operational energy alone may lead to a sub-optimal design from a lifecycle
perspective. Furthermore, the study illustrates the trade-off between embodied and the

operational energy through the multi-objective optimization approach.

The main findings from the two-staged optimizations are summarized as follows:

e Based on the stage-one optimization, the optimal design solution which maximizes PV
energy generation and minimizes operational energy use is mainly south orientated. The
coupling of WWR and prefabricated BIPV window is identified to have a much higher

influence on the power supply than operational energy. The increase in the BIPV
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window area leads to a corresponding increase in the PV power supply but a low
window u-value which increases the cooling load in return. Notwithstanding, the
rooftop PV alone contributes to nearly 80% of the PV energy supply while the

Prefabricated BIPV window contributes to about 20% of the PV power supply.

The joint optimization operational and embodied energy is proven a more efficient
method to reduce the whole lifecycle energy use. Specifically, the different fagade types
with a wide range of embodied energy values are capable of achieving very similar
optimal operational energy. Therefore, a sub-optimal design solution may be selected if
not considering from a lifecycle perspective. From the perspective of the different
facades explored, it is realized that a slight reduction in the thickness of cementitious
materials can reduce the embodied energy without significantly affecting the thermal
mass and therefore operational energy. Similarly, an increase in the thicknesses does
not necessarily guarantee a decrease in operational energy but increases the embodied
energy. Regarding the composite facades with insulation materials, an increase in the
insulation thickness significantly reduces operational energy. However, this could also
have a counteracting impact on the whole lifecycle energy due to the exponential

increase in the embodied energy.

The lifecycle energy performance of the explored fagade is found to vary significantly
among the three regions explored with an increasing performance in the order of Ghana,
Burkina Faso and Nigeria. Particularly their performance at the operational stage vary
significantly due to the variation in weather conditions. Also, the different modes of
materials production, transportation, and construction processes impact embodied
energy. Hence it is necessary to pay attention to the specificities of the evaluated region.

Overall, the first stage of the optimization reduced the total lifecycle building energy
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use by 26.78%. Cumulatively, over 24.59%, 33.33%, and 36.93% energy reduction are

achieved for Ghana, Burkina Faso and Nigeria respectively.

In summary, this study has provided insights into the optimal configuration of building
envelopes with different facade materials representative of the sub-Saharan Africa region from
a whole lifecycle perspective using a multi-objective optimization approach. In the future, the
range of design variable will be expanded and coupled with economic and environmental
indicators. Also, other envelope elements than facades and building architypes will be explored

in detail.
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CHAPTER 8 HOLISTIC ENVIRONMENTAL AND ECONOMIC DESIGN
OPTIMIZATION TOWARDS LOW CARBON BUILDINGS CONSIDERING
CLIMATE CHANGE AND CONFOUNDING FACTORS

Following the developed BIM-based LCA method and optimization in the previous
chapters, this Chapter further formulates a robust computational multi-objective optimization
to identify cost effective building design solutions to mitigate environmental impact and climate
change. Lifecycle energy and environmental impact analyses are integrated with a
comprehensive cost analysis, and multi-objective optimization to explore potential design
solutions based on passive design parameters and renewable energy systems. The optimization
problems are formulated robustly to accounts for confounding factors such as difference in
internal loads due to occupancy behaviours, improvement in construction efficiency, and future

climate change scenarios.

The overall optimization framework is summarized in Fig. 8.1. The figure illustrates that
the multi-objective optimization process of the energy, carbon and cost follows the design of a
baseline model with reference to a typical mid-rise residential building in Ghana. Passive design
strategies and PV installations are identified as design parameters to perform the lifecycle
environmental and economic performance analyses including energy use, carbon emission and
cost indicators. Thereafter, the optimization framework incorporating objective functions,
decision variables and the optimization algorithm is subject to a comprehensive scenario

analysis to explore the influence of confounding factors and climate change.

8.1 Case study description

The case study building is representative of a mid-rise residential building located in Accra,
Ghana. Information concerning its design, construction and operation was retrieved from the
owner and occupants. Construction of mid-rise residential buildings is expected to surge due to

the growth in housing demand. Hence, it is critical to investigate measures to reduce their
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environmental impacts towards carbon neutrality. The building has a gross floor area (GFA) of

7500 m? and each floor is divided into 4 apartments. The estimated lifespan of the building is

50 years.
Parametric building model e
arametric building mode 7+
~ Rhinoceros orasshopper
Lifecycle assessment | Limeyle oost
assessment
Embodied _| Operational
impacts impacts
Embodied Operational
Energy Carbon Energy Carbon phase phase @
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Fig. 8. 1 Framework for cost effective optimization of energy and carbon of residential

building

The main energy use includes cooking, cooling, lighting, and household equipment, but
cooking is excluded from this study as it is fueled by natural gas. The building energy use is
fully supplied by grid electricity. The case building is located in a tropical savanna climate (Aw)
under the Koppen-Geiger climate classification. The weather data is retrieved from Energyplus
website in the format of epw to evaluate the annual operational energy performance. The
baseline model is constructed parametrically in Grasshopper Rhinoceros which is a robust

building information modelling and simulation platform for building performance assessment.
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Its visual programming nodes and wide range of plugins allow various assessment including
energy, carbon emission, and cost analyses. Ladybug and Honeybee plugins are used to couple
EnergyPlus to evaluate the operational energy use and photovoltaic electricity generation while
Grasshopper’s native nodes are used to evaluate the embodied energy, carbon, and cost. The
impact assessment data are integrated within nodes in Grasshopper to facilitate the LCA and

LCCA process. Table 8.1 outlines the settings for the baseline case. The case building is

illustrated in Fig. 8.2.

Table 8. 1 Setting for the baseline model

Item Setting
Floor area 25m x 30m
Floor height 2.7m

No of floors 10

Lighting load 15 W/m?
Occupancy load 160 W/person
Equipment load 10 W/m?
Window U-value 5.69 W/m?K
Floor U-value 0.48 W/m?K
Wall U-value 2.74 W/m?K
Window to wall ration 0.4

8.2 Multi-objective optimization

The multi-objective optimization is formulated considering the objective functions, design
variables and optimization algorithm. The objective functions are developed in line with the

main objective of the study which is to reduce energy use and carbon emission in a cost-

155



effective approach, hence three objective functions are considered in the study. The objective

functions are illustrated by Eq. (8.1):

min{f; (0)} {2(9)} {f3(0)} = [x1, x2, ... ¥ (8.1)

where f1, 2, and fz minimizes the total energy use, carbon emission and cost with a combination

of any design variables x1, X2, and Xm.

Fig. 8. 2 Parametric model of case study building

The final optimal solution is selected by normalizing and weighting the Pareto front

using Eq. (8.2):

NV = X Xmin) (8.2)

Xmax —Xmin

where NV is the normalized values of CED, GWP or cost of the Pareto front; X is a value of

CED, GWHP, or cost in the Pareto front to be normalized, Xmin is the minimum value of CED,
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GWP or cost of the Pareto front; and Xmax is the maximum value of CED, GWP or cost of the

Pareto front.

A total of 18 design variables are selected to optimize the lifecycle performance of the
building. To ensure the optimization results are realistic and in compliance with feasible
engineering solutions and occupant satisfaction, the distribution range of variables are
determined based on local engineering practices in Table 8.2. For instance, envelope
constructions are specified within the limits of materials available in the market while building

geometries are defined as per building codes (Ghana Standards Authority, 2018).

Table 8. 2 Design optimization variables

Design variable Range
Building orientation 0° - 360°
Shape coefficient 05-1
North facade 0.2-0.8
Window to wall ratio South facade 0.2-038
West facade 0.2-0.8
East facade 0.2-0.8
Window construction A
Wall construction B
Roof construction C
Floor construction D
PV installation (15% | Roof top PV 10% - 80% roof area
efficiency mono- | North fagade 10% - 90% facade area
crystalline PV modules | South facade 10% - 90% facade area
West facade 10% - 90% facade area
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Design variable Range

East facade 10% - 90% facade area
Rooftop PV orientation South, North, East, West
Rooftop PV tilt 5°-15°
Facade infiltration rate 0.0001 m®s/m?, 0.000071 m®/s/m?,

0.000285 m®/s/m?, 0.0003 m3/s/m?,

0.0006 m3/s/m?

a, b, cand d are listed in Tables 3 to 7 of the appendix.

Although initial optimization settings are specified as Table 3.5, such configuration
resulted in prolonged computational time without significant improvement in the optimization
objective. To identify the best settings to achieve convergence within the minimal time, the 20"
to 50" generation is analyzed. Fig. 8.3 illustrates the changes in optimization results for single
and multi-objective optimization of the CED, GWP and cost. It is observed that convergence is
achieved for all three single objective optimizations after the 15" generation. However the
minimum CED, GWP and cost is only achieved for the multi-objective optimization after the
20™ generation. Since no significant improvements in the three objectives can be achieved after
the 25" generation, the optimization process is performed with a generation size of 25 instead

of 50.
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Fig. 8.3 Single and multiobjective convergence over generations

The result of the developed simulation model is compared with operational data of the
building in other to validate its accuracy in terms of the operational energy use. The operational
energy use data was collected through an onsite survey which includes cooling, lighting and
plug loads over a period of one year. Fig. 8.4 shows a comparison between the simulated results
and the actual operational data. It is observed that the monthly variations in energy use are less
than 5%. The simulated results are slightly higher than the real data retrieved except in the
months of January, June and July where a notable variation is observed. A brief survey with the
building occupants indicated an increase of occupancy during these periods which explains the
slightly higher energy use in the real operation data. The total annual energy use intensity is
175 kWh/m?/y which includes 57.77% cooling, 20.57% lighting and 21.75% plug loads. In

comparison, the annual energy from the operational data is 173.74 kWh/m?ly, and the
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simulation model is validated for the subsequent optimization process. The total CED, GWP
and cost representing both embodied and operational impacts are evaluated to be 210

kWh/m?/y, 138 kgCO-.eq./m?/y and USD 76.68/m?/y respectively for the initial design.
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Fig. 8. 4 Validating the developed model

A multi-objective optimization is performed to explore the range of selected passive design
strategies and renewable energy system. The results of the optimal solution is compared to the
initial design in order to evaluate the corresponding improvement in the CED, GWP and cost.
Fig. 8.5 shows the results of the optimization process in a 3D scatter plot. The Pareto front
indicating the best solutions are highlited blue and illustrated in the box plot. The normalization
and weighting criteria is applied to select the best result from the Pareto front. The optimal
result includes both embodied and operational impacts for all three performance indicators.
Precisely, the CED, GWP and cost of the optimal design model are 121.43 kWh/m?/y, 58.56
kgCO2.eq./m?ly, and USD 51.92/m?/y which indicate an improved performance of about
42.01%, 57.67% and 32.28% respectively in comparison with the initial design model. The
optimal solution corresponds to building designs with a shape coefficient of 0.5 which is the

lower limit of the building width to length ratio. Similarly, a low WWR ratio of 0.2 is selected
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for the north, east, west and south facades with a very low infiltration rate per m? of the fagade.
The oreintation of the optimal solution is 150° with respect to the north. With regards to the
window construction, the optimal design is characterised by a wooden-framed tripple glazed
window. The same floor construction in the baseline model is maintained in the optimal design
solutions as a reinforced concrete floor with screed and fired clay tiles. The optimal roof design
is characterised by a reinforced concrete, Polyurethane rigid (PUR) foam insulation and
ethylene propylene diene terpolymer (EPDM) membrane. For the PV system, the optimal
solution is characterised by the maximum PV area configuration (80% of roof and 90% external

wall area). The roof PV are south facing with a tilt angle of 8°. The configuration of design

parameters for the optimal solutions are illustrated in Table 8.3.
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Fig. 8. 5 3D Scatter plot of CED, GWP and Cost of the optimized base model

Table 8. 2 Configuration of the optimal design model
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Design variable Range
Building orientation 150°
Shape coefficient 0.5
North facade 0.2
Window to wall ratio South facade 0.2
West facade 0.2
East facade 0.2
Window construction Tropical hardwood-framed triple- glazing
Wall construction FJI-cellulose-roughcast gypsum blocks
Roof construction Gypsum plaster-concrete-PUR-EPDM2
Floor construction Concrete-Screed mix-fired clay tiles
PV installation (15% | Roof top PV 80% roof area
efficiency mono- | North facade 90% fagade area
crystalline PV modules | South facade 90% facgade area
West facade 90% facade area
East facade 90% facade area
Rooftop PV orientation South
Rooftop PV tilt 8°
Facade infiltration rate 0.000071 m®/s/m?

Similarly, a comparison between the embodied and operational GWP of the optimised
and baseline model is illustrated in Fig. 8.6. The embodied impacts contributes to 13.03% of
the total GWP whereas the operational impacts contributes to 86.96%. Considering the impacts
of PV generated electricity, the operational GWP is further decreased which changes the
contribution of embodied and operational GWP to 25.46% and 74.53%. By increasing the
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renewable energy supply the operational GWP can be reduced drastically. This scenario is
illustrated in section 4.4.1. In comparison to the baseline model, the operational GWP is
decreased by 65.00% whereas the embodied GWP is increased by 9.47%. Cumulatively, GWP

of the optimised model is decreased by 57.67%.

The total cost of building materials, PV and installations account for 41.83% whereas
cost from energy use at the operational phases account for 58.16% in the optimised design
model. For the baseline model, materials and installation cost account for 22.49% whereas
operation related cost contribute to 77.51%. The cost of materials, PV and installation is
increased by 25.6%, however the operation related cost is decreased by 49.19% leading to a net

cost reduction of about 32.28%.
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Fig. 8. 6 Contribution of embodied and operational impacts of the baseline and optimized

solutions

In addition to the share of embodied and operational impacts, contributions of different
building elements to the embodied impacts and the monthly profile of operational impacts are
also illustrated. Fig. 8.7 shows the results of the optimized solution in terms of monthly cooling,
lighting, equipment loads, PV generation and the net operational EUI. In comparison with the

baseline model, it is observed that majority of energy reductions are due to the reduced cooling
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load, while lighting and equipment loads contributed very little to the operational energy
reduction. Also, it is realised that the PV power generation can cover 49% to 60% of the
monthly operational energy use. Fig. 8.8 illustrate the distribution of embodied energy by
building elements. In the baseline model, it is observed that walls, windows, roof and floors
account for 41.44%, 16.19%, 3.37% and 38.99% of the embodied energy respectively.
However, these elements account for only 18.03%, 10.37%, 4.23%, 24.036% in the optimized
model. The PV installation accounts for the remaining 43.33% of the embodied energy. In terms
of GWP, the contribution of walls, windows, roof and floors are 30.55%, 18.14%, 2.67% and
48.62% for the baseline model whereas these elements account for only 19.65%, 9.76%, 2.89%
and 29.49%, respectively in the optimzed model. PV installation accounts for the largest portion
of GWP of 38.19%. The contribution of materials and installation cost for the baseline model
are 37.94%, 23.47%, 3.82% and 34.76% for walls, windows, roof and floors, respectively. In
the optimized model, walls, windows, roof, floors and PV contribute 3.31%, 1.62%, 0.26%,
1.82% and 92.99% to the total cost respectively. Despite the high cost of PV installation, its net
benefits are realised at the operational phases of the building which reduces the total cost of the

optimised building by 32.28% in comparison to the baseline model.
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Fig. 8. 7 Monthly profile of operational energy use of the optimized solution

164



Embodied energy

Cost (USD/m?ly)

16-
14
>
124 >
> L >
o 101 S
S £
= 8- T =
< QL c
= 4] T =
< o X
4 Q >
e
5] L
0.
Wall Window Roof Floor
Elements
5.
c o~ c
o > (@) Z‘
2 =
g E g £
o = o :
o o
T O T 0
2 o 2l
© Q © o
o O o O
O [@)) o) >
E x E x
w o =
0- ,
Wall Window Roof Floor
Elements
24+
0.41 -
21-
. - .
0.33 NZ, 18
0.251 E 15
Q ;]
(0p)]
0.16- 2 o
»
0.08/ 38 6
3-
0.00- 0

Wall Window Roof Floor

Elements

|

w
o

N
a1

N
o

[EnY
al

[EnY
o

&)

0-
Wall Window Roof Floor PV

Elements

(o2}

al

IS

w

N

=

Wall Window Roof Floor PV

Elements

Wall Window Roof Floor PV

Elements

Fig. 8. 8 Contribution of building elements to the total CED, GWP and Cost

165



8.3 Impacts of confounding factors

Building energy use, carbon emissions and cost are affected by confounding factors
whose impacts are unclear. Two scenarios are defined alongside the optimised scenario to
investigate the impacts of confounding factors. Scenarios 1 and 2 represent a low and high level
of confounding factors respectively. Scenario 1 characterizes a condition where the equipment
loads, lighting, occupancy, ventilation rate and occupancy activity level are reduced by 50%

off the baseline model. The result of the optimization process is illustrated on a 3D scatter plot

in Fig. 8.9a.
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Fig. 8.9 3D Scatter plot of CED, GWP and Cost for optimization under confouding factors

An evaluation of the optimal solution from this scenario shows a CED, GWP and cost of
58.60 kWh/m?ly, 14.86 kgCO.eq./m?ly, and USD 21.31/m?y respectively, indicating
unproportionate reduction in all three indicators. Further evaluation of the optimal solution
reveals that the CED and cost are reduced by 52.65% and 58.95% from the optimized baseline
scenario. On the other hand, GWP is reduced by 74.62%. The drastic reduction in GWP can be

attributed to the reduction in CED. As a result, the PV power generation covers the operational
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CED making the building near carbon neutral. The GWP is therefore mainly generated from
the embodied impacts. The reduction in cost can also be attributed to the reduced operational
cost and lower initial investment on PV power generation with downsized capacity. With
regards to the design parameters, the same geometries and thermo-physical properties are

maintained in comparison to the initial optimised design solution.

The second scenario is representative of a condition where the confounding factors are
increased by 50% off the baseline model. The result of the optimization process is illustrated in
Fig. 8.9b. Unlike scenario 1, the CED, GWP and cost are increased by 197.03 kWh/m?ly,
111.66735 kgCO2.eq./m?/y and USD 87.06/m?/y for 62.26%, 90.68% and 67.70%, respectively.
The significant increase in GWP and cost is attributed to the high carbon coefficient and cost
of grid electricity. The building geometries and thermo-physical properties of the optimized
solutions in this scenario remained the same as the optimised baseline scenario with a
preference of the lowest WWR, shape coefficient and high levels of insulations in the external

envelope.

8.4 Impacts of climate change

The IPCC defined four RCPs which show different future climates depending on the
level of greenhouse gas emissions. These RCPs also serve as a guide for the implementation of
strategies to reduce greenhouse emissions. Four sets of scenarios are defined to explore the
impacts of each concentration pathway on future building performances. Each scenario includes
simulation with a modified weather data, improvement in electricity mix, and increased
efficiency in construction processes for a projection of 4 decades (2030-2070). Hence four sub-

scenarios are explored for each RCP.

84.1 RCP2.6
RCP 2.6 represents a scenario where the mean dry bulb temperatures are modified to

reflect mean increments in future climatic temperature. Also, the efficiency of building
167



construction processes is increased by 6% every 10 years while the operational energy use is
fully met with renewable sources. As shown in Fig. 8.10, the total CED for the four sub
scenarios were found to be 125.66kWh/m?/y, 123.46 kWh/m?/y, 117.03 kwWh/m?/y and 112.95
kWh/m?/y. These values show a projection of energy use for buildings constructed in 2030-
2039, 2040-2049, 2050-2059 and 2060-2069, respectively. Further breakdown into operational
and embodied impacts indicate an increase in the operational energy use by 4.87%, 5.86%,
6.41% and 6.92% which can be attributed to the average increase in temperature through the
four decades. However, the results show a decrease in embodied impacts due to the cumulative
increase in construction efficiency. Overall, the total CED is increased by 3.49% and 1.67% in
the first and second decade whereas it is decreased by 3.63% and 6.99% in the third and fourth
decade. Thus, the cumulative improvement in the efficiency of construction processes can yield

an overall decrease in the total CED of buildings.

In terms of carbon emissions, the total GWP is reduced to 13.69 kgCO,.eq./m?ly, 12.79
kgCO2.eq./m?ly, 11.93 kgCO2.eq./m?/y and 11.05 kgCO2eq./m?/y for 2030-2039, 2040-2049,
2050-2059 and 2060-2069, respectively. The overall drastic decrease in GWP can be attributed
to the application of renewable energy sources and increased efficiency in building construction
processes. Through the application of renewable energy during building construction, further

carbon reduction can be achieved.

The increase in energy use results in a proportionate increase in the total cost, thus the
figures also illustrate an increase in the total cost to USD 55.54/m?ly, USD 56.22/m?ly, USD
56.60/m?/y and USD 56.96/m?/y for buildings constructed in the first to fourth decade

respectively. This increase in total cost is solely attributed to the increase in operational CED.

168



150

I 2020-2029 (opt. base case)
I 2030-2039
[ 2040-2049
I 2050-2059
I 2060-2069

100

50

CED GWP CoSsT
RCP 2.6

Fig. 8.10 Tracjectory of CED, GWP and cost under RCP 2.6

842 RCP45

RCP 4.5 is defined to explore a trajectory with modest strategies measures towards
climate change. The modified weather data reflect slightly higher temperatures. Similarly, the
production efficiency of construction processes is improved by 2% every decade while the

electricity mix is improved by 40%.

The building optimization results for the four decades are indicated in Fig. 8.11. It is
observed that the total CED is increased to 128.67 kWh/m?/y, 129.76 kWh/m?/y, 130.14
kWh/m?/y, 130.47 kWh/m?/y through the four decades respectively. This represents 5.96%,
6.85%, 7.17% and 7.44% increase in total CED respectively. Further analyses of the results
show an increase in the operational CED by 5.29%, 6.92% 8.05% and 9.15%. This far

outweighs the reduction in embodied CED which therefore results in an increased total CED.

Similar reductions are realised for the embodied GWP due to the increased construction
process efficiency. However, much larger reductions are achieved due to the improved
electricity mix. Specifically, the operational GWP is reduced by about 34% which leads to an

overall reduction in the total GWP by 23.74%, 22.46%, 21.91% and 21.31% through the first
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to fourth decade. The total cost is also increased to USD 55.83/m?/y, USD 56.96/m?/y, USD
57.74/m?ly and USD 58.49/m?/y because of the increase in operational energy use.
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Fig. 8.11 Tracjectory of CED, GWP and cost under RCP 4.5

8.43 RCP6.0

RCP 6.0 represents another scenario with moderate inteventions to limit carbon
emissions. Fig. 8.12 illustrates the results of the optimization process using the modified
weather data, improved electricity mix by 50% and improved construction process efficiency
by 4%. An increase in operational CED by 3.35%, 4.78%, 5.84% and 7.49% is shown for the
four subscenarios due to the increase in temperatures. The increased construction process
efficiency also reduces the embodied CED, which is however outweighted by the increase in
operational CED, leading to a net increase in the total CED by 2.72%, 2.39%, 1.65% and 1.57%
respectively. In terms of carbon emissions, the improved electricity mix reduces GWP by
34.77%, 34.64% 34.78% and 34.38% for the four subscenarios respectively. Due to the increase
in operational energy use, the overall cost of these scenarios is also increased to USD

54.50/m?ly, USD 55.48/m?/y, USD 56.20/m?/y and USD 57.35/m?/y, respectively.
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Fig. 8.12 Tracjectory of CED, GWP and cost under RCP 6.0
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RCP 8.5 represents a scenario with no intervention to limit carbon emissions and global
temperatures. Hence this scenario is the worst case without improvement in the energy mix and
construction process efficiency subject to the highest temperature rise. The results of the
optimization process is illustrated in Fig. 8.13. It is observed that the operational CED is
increased by 5.83%, 8.04%, 10.79% and 13.40% for the four subscenarios. Moreover, no
reduction is achieved in the embodied CED which leads to an increase in the total CED by
7.56%, 10.11%, 13.28% and 16.30%, respectively. Proportional increases in GWP and cost are
also noted due to the increase in the operational energy use. Specifically, the total cost through
the four decades is increased to USD 56.20/m?/y, USD 57.72/m?ly, USD 59.62/m?/y and USD

61.42/m?ly, respectively.

In summary, the trajectory of CED and GWP are plotted in Fig. 8.14. A very high energy
use and carbon emission through decades is observed for buildings in the worst scenario RCP

8.5. Among the two moderate scenarios, it is observed that RCP 6.0 results in lower energy use
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and carbon emissions. The best scenario RCP 2.6 though leads to slightly high emissions in the

first two decades while a reduction of the GWP and CED in subsequent decades.
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Fig. 8.13 Tracjectory of CED, GWP and cost under RCP 8.5
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Fig. 8.14 Trajectory of CED and GWP for RCPs from 2030 to 2069

Multi-objective optimization can resolve complex environmental design problems in
buildings, which determines the best design variables that will reduce the total energy use and
carbon emissions in a cost-effective approach. However, the system boundary, assumptions and
scenarios affect the results of environmental and cost assessment, therefore a joint optimization

of the embodied and operational impacts can increase the reliability of design solutions to
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improve the overall environmental performance of buildings. Also, low energy building designs
do not necessarily translate to low carbon emissions, and hence the optimization of energy and
carbon emission through all phases of the building lifecycle is critical. This study therefore
applied a parametric multi-objective optimization approach integrating both embodied and
operational impacts to evaluate the total energy use, carbon emissions and cost of a mid-rise
residential building. The reliability of the developed model is validated as the operational CED
is consistent with real operational data retrieved from the building. Accordingly, it is validated
for further modelling analyses. Considering the operational impacts alone can lead to sub-
optimal results as it does not account for the trade-off between the operational and embodied
impacts. From a general perspective, the operational carbon and cost are proportional to
operational energy use due to the fixed cost and carbon emission coefficient of energy use (i.e.
electricity consumption). Since the operational impacts often outweigh embodied impacts, a
reduction in the operational impacts may strongly influence the total lifecycle impacts.
However, this is not the case for low carbon buildings in which embodied impacts contribute
as much as operational impacts especially with the use of renewable energy sources. Different
materials and constructions can yield unique carbon emissions and costs. For instance, a single
optimization of the operational energy use may yield significant reductions in operational
energy with proportional reductions in the carbon emission and cost. However, such reductions
may translate to high embodied impacts and costs if they are not included in the design process.
It is therefore important to explore the intrinsic trade-offs between the operational and
embodied performance of different materials and constructions in terms of the energy use,
carbon emission and cost. The multi-objective optimization serves an important role especially
for the embodied phase since many trade-offs are found between the energy use, carbon
emission and cost of different building constructions and materials. In this light, the study

provides an integrated framework which allows the joint optimization of both operational and
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embodied impacts to explore design alternatives that reduce both operational and embodied
impacts. By exploring building design variables under this optimization framework, materials

and constructions balancing the embodied and operational impacts can be determined.

From the perspective of lifecycle phase, the contribution of embodied impacts is
increased to about 50% of the total life cycle impacts which increases the significance of
reducing embodied impacts using low energy and low carbon materials. Therefore, a joint
optimization of all phases in the lifecycle provides better opportunities to reduce the overall
environmental impacts of buildings. This study has demonstrated that low carbon materials that
also reduce embodied impacts and cost while attaining similar levels of operational efficiency
can be identified in the design optimization approach. For instance, the findings guide the
selection of high-performance materials with lower embodied impacts for constructions. The
findings also highlight the need to prioritize renewable energy sources since it drastically
reduces carbon emissions and costs. Although PV installation increases the initial embodied
impacts and costs, its operational benefits outweigh the initial embodied impacts leading to
drastic reduction of the total energy use, carbon emission and cost of the building. The optimal
configuration of the PV system is influenced by factors such as the orientation of the PV, tilt,
and peripheral shading. Especially, the tilt angle for roof top installation is selected per local
latitude (Yang and Lu, 2005). Although the maximized PV coverage often yields the maximum
power generation, the installation of PV on fully or partially shaded facades may lead to poor
energy conversion efficiency and cost effectiveness. Thus, it is important to explore the fagade
areas that receive the most solar radiance. By exploring different roof PV orientations, tilt
angles and installations of PV on facades, the framework can identify the optimal design case
for the PV envelope. Considerations of different PV coverage areas on east, north, south and
west facades also enable the allocation of PV facades for a cost-optimal low carbon design

solution.
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Confounding factors affect the energy use, carbon emission and economic assessments
by varying the levels of internal loads. The finding underscores the role of confounding factors
in achieving carbon neutrality. By moderating internal loads using energy efficient equipment,
low levels of operational CED can be achieved with onsite PV generated electricity to reduce
the overall carbon and cost of the building. In the case of higher internal loads, the choice of
off grid electricity must be renewable sources in order to limit the overall carbon emissions.

Hence the feasibility of achieving carbon neutrality is largely dependent on the electricity mix.

The scenario analysis of climate change reveals the sensitivity of building performance
to the representative concentration pathways and vice versa. Increasing temperatures
exacerbates the building energy use, carbon emission and cost which also aggregates climate
change in the long run. As a proof, scenario RCP 8.5 illustrates how no intervention leads to
extremely high carbon emissions which are progressive over the decades. Contrarily, RCP 2.6
illustrates a progressive reduction in the energy use, carbon emission and cost. As the efficiency
of building construction processes are improved, the overall impacts of the built environment
are moderated which decrease global temperature and building energy use in return. Applying
moderate scenarios also demonstrate the impacts of constrained climate action on the overall
performance of buildings. Although these moderate mitigation strategies reduce carbon
emissions, they are not sufficient to reduce carbon emissions to limit the temperature within

habitable levels.

The results demonstrate that stringent climate mitigation strategies are feasible without
large investments. The findings indicate a lower life cycle cost in comparison with the base
case model. The study’s optimization approach leads to a positive linear relationship between
the three studied objectives. Thus, the solutions identified can reduce the energy use, carbon
and cost significantly. Nevertheless, a significant amount of initial investment is required for
the installation of renewable energy systems.
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This research covers the life cycle of the building except transportation, construction, and
end-of-life phases. The integration of these lifecycle phases could lead to further improvement
in the overall performance of the building with beneficial implications on mitigating climate
change. For instance, recycling of materials and using renewable energy sources during the
construction phase can further reduce environmental impacts. The design optimization method
can be applied to other building architypes and regions by modifying the configuration of

building envelope constructions and the LCA database.

8.5 Summary

This chapter presented a parametric multi-objective optimization method that integrates
LCA and LCCA to evaluate the energy use, carbon emission and cost of buildings. The joint
optimization of embodied and operational impacts allows a comprehensive assessment of the
whole lifecycle impacts to select a cost effective and climate responsive building design. This
multi-objective optimization approach can solve the trade-off between conflicting design
variables and guides the identification of design solutions with a positive linear relationship

between the CED, GWP and cost.

The main findings from the study are summarised as follows:

e A parametric optimization approach is applied to design a low carbon mid-rise building
by coupling energy efficient building envelope designs with building integrated PV
through a joint optimization of the embodied and operational impacts. The reference
model was validated with operational data which showed a deviation within 5%. Based
on the multi-objective optimization, the CED, GWP and cost are improved by 42.01%,

57.67% and 32.28%, respectively. PV generated electricity covers up to 57% of the
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annual operational energy use which reduces the carbon and cost burden of grid
imported electricity.

e The optimal building design shows a WWR of 0.2, shape coefficient of 0.5, BO of 150°
from the north, wooden-framed tripple glazed windows, very low infiltration rate,
highly insulated facade and roof, non-insulated floors and south facing rooftop PV
systems. Specifically, the optimal roof design is characterised by a reinforced concrete,
PUR foam insulation and EPDM membrane. The optimal design scenarios also show a
preference for maximised PV coverage on the roof and facade.

e Confounding factors can greatly influence the total energy use, carbon emission and
cost performance of buildings. By reducing the internal loads of the building, the CED,
GWP and cost can be further reduced by 52.65%, 74.62% and 58.95%. On the contrary
a high level of internal loads can lead to 62.26%, 90.68 and 67.70% increase in the CED,
GWP and cost.

e All scenarios to explore the impact of climate change on buildings indicate a continuous
increase in building energy use in the future, however a drastic mitigation strategy with
renewable energy applications and improved efficiency in building construction
processes can reduce the building energy use and carbon emission after the next two

decades.

Overall, the study provides valuable insight into coupling passive design strategies with PV
to achieve low carbon building design under the impacts of confounding factors and climate
change. In future studies, the construction and end-of-life phases can be integrated into the
optimization process when exploring other renewable energy sources and recycling

strategies.
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CHAPTER 9 CONCLUSION AND RECOMMENDATION FOR FUTURE WORK

Building lifecycle assessment is spotlighted given its potential to improve the overall
performance of buildings towards carbon neutrality. Hence, the integration of BIM and LCA is
underscored as an effective approach to implement LCA during the design of buildings. In this
thesis, a comprehensive literature review was conducted to identify research gaps in BIM-based
LCA. Based on the deficiencies of existing research methods, a comprehensive BIM-based
LCA method was developed to evaluate the embodied impacts of buildings. A systematic LCA
integrating different assessment levels, lifecycle stages and impact assessment methods was
conducted to evaluate the lifecycle performance of a building’s representative of a residential
architype in Hong Kong and Ghana. Furthermore, a detailed tier-hybrid uncertainty assessment
method integrating qualitative and quantitative approaches was applied to evaluate parameter,
model and scenario uncertainties induced in the embodied impact assessment. The developed
BIM-based LCA method is incorporated into a whole building lifecycle optimization process
integrating passive design strategies, renewable energy systems, technical and economic
indicators, and multi-objective optimization. An integrated design optimization is performed
on design decisions to identify the optimal trade-off between the embodied and operational
impacts of buildings. Also, a comprehensive technical and economic optimization of passive
design strategies and renewable energy systems to determine optimal building design with
reference to energy, environmental and economic performance is performed. The developed
integrated BIM-based LCA optimization method and research finding will guide the
implementation of BIM-based LCA during the design and construction of low carbon building
with renewable energy applications in order to achieve carbon neutrality. The main research

finding and recommendations for future works are summarised as follows.
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9.1 Development of the BIM-based LCA method for the embodied phases of buildings
The automated modelling and systematic evaluation for the BIM-based LCA method
has been developed for application in both prefabricated and conventional buildings. A
comprehensive assessment method is specified involving database repository, BIM module,
and impact estimation module. A systematic result at different levels of assessments is
automatically produced allowing for deep analyses and identifications of hotspots at
elementary, component and unit levels. Different impact assessment methods are implemented
to enhance decision making based on various assessment criteria while assessment is
formulated to include key embodied impacts (materials production, transportation,
maintenance, and end-of-life phases). Improvements in the evaluation of transportation,
construction and end-of-life phases is achieved with an enhanced database and its integration
with BIM to allocate transport modes, load factors, construction, and demolition equipment.
Modelling assessments are conducted on a high-rise residential building in Hong Kong to
explore the operational performance of developed method and validate its accuracy. The
systematic results at different levels of assessment is found to be consistent with conventional
LCA research. Given an adjusted system boundary, the results are highly probable to be the
same as conventional LCA. The developed method is proven to produce accurate results with
a higher computational efficiency for different levels of assessments, system boundaries and
functional units comparable with previous studies. It is achieved through an automated process
of systematic zoning and set up after creating parameters and populating BIM with LCA data
which can provide an enhanced mechanism to iterate design options at materials, element or

assembly to further whole lifecycle design optimization of buildings.
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9.2 Comparative assessment of the energy and carbon performance of alternative fagade
systems

Following the study on the lifecycle performance of a residential building in Hong
Kong, a comparative study was performed on a residential building model in Ghana to
investigate the energy and environmental performance of novel fagades in comparison to the
conventional fagades used in the Ghanaian residential sector. Three novel fagades including G.
Steel ICF, Shotcrete ICF and SEBF were compared with the conventional CBMF. The results
revealed that in comparison with the reference facade (CBMF), total CED of SEBF is decreased
by 39.13% while CED of Shotcrete ICF and G. Steel ICF is increased by 8.32% and 7.32%
respectively. On the other hand, GWP is decreased by 18.07%, 12.47% and 6.88% for SEBF,
G. Steel ICF and Shotcrete ICF respectively. Scenarios are developed to investigate the
potential to reduce energy use and carbon impacts by moderating the source of materials and
design of facades. By using hollow CBMF and sourcing insulation, finishes and reinforcement
locally, the embodied energy use and carbon emissions can be reduced by 13.02% and 13.45%,
respectively. By replacing reinforced concrete lintels in SEBF with reinforced stabilized earth
blocks, and sourcing steel locally, the embodied energy use and carbon emissions can be
reduced by 11.87% and 15.87%, respectively. Similarly, a reduction of 22.64% and 27.41% in
the embodied energy use and carbon emission is achieved for Shotcrete ICF by reducing the
thickness of shotcrete and sourcing steel locally. The embodied energy use and carbon emission
of G. Steel ICF can also be reduced by 7.16% and 8.80%, respectively using locally
manufactured finishes, insulation, and reinforcement. The scenario analysis reduces CED and
GWP of all facades with particularly profound impact on Shotcrete ICF. An economic
assessment also indicated that the reference facade (CBMF) has a higher cost in comparison
with SEBF, G. Steel ICF and Shotcrete ICF cost 47.87%, 22.44% and 4.59% less, respectively.

Such detailed technical and economic assessment of conventional and new fagade systems
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using the designed BIM-LCA method provide useful reference and guidance to stakeholders in

designing sustainable buildings for the Ghanaian residential sector.

9.3 Uncertainty in the embodied impacts of buildings

On top of the BIM-based LCA, a tier-hybrid uncertainty analysis was developed to
investigate the impacts of parameter, model, and scenario uncertainties in the embodied impacts
of buildings. The developed uncertainty analysis approach is composed of a DQI method to
characterize uncertainty parameters without sufficient data qualitatively and a statistical method
to qualify parameters with sufficient data quantitatively. A large sample of LCA parameters
were retrieved to obtain the statistical distribution in the case of the former whereas a data
quality pedigree matrix was applied to derive the covariance in the case of the latter. Monte
Carlo simulation is applied to generate a large sample size of 10,000 per parameter to obtain
the statistical estimations of parameter, scenario, and model uncertainties. These are expressed
in terms of the coefficient of variation according to material types, life cycle phases and the
impact assessment method. The tier-hybrid method is applied to quantify uncertainties in life
cycle of actual case study building in Hong Kong. The coefficient of variation with regards to
CED and GWP was found to range between 8.9% to 15.9% and materials with the highest
uncertainties are windows, doors, aluminum, paints and formwork. The analysis of each
lifecycle phase indicates that the material production phase contributes the largest impact but
the least uncertainty while transportation, construction and maintenance phases with relatively
lower impacts are embedded with very large uncertainties. The overall coefficient of variation
for materials production, construction, transportation and maintenance phases were 11.79%,
24.59%, 29.73% and 19.47%. High uncertainties in the construction, transportation and
maintenance phases can be attributed to poor quality input data based on assumptions and
estimations from previous studies, large variation in transport distances of modeled materials,

variations in the service life of building components and materials. Similarly, the rarity of end-
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of-life cycle modelling implies the use of unverified or unrepresentative input data. Hence
proper modelling of the degradation of materials and components, enhancement in LCA data
quality through proper measurement can reduce parameter uncertainties. Two approaches are
modelled to investigate the impacts of model uncertainties. The first scenario in which the
probability distributions are modified indicates that overall mean of the uniform, normal and
triangular distribution was 6% lower in comparison with the initial lognormal distribution and
has similar implication in their standard deviation. The second scenario which compares a pure
DQI approach to the tier-hybrid approach shows about 3.5% decrements in the overall means
of uniform, normal and triangular distribution. The analysis helps to precisely quantify the
uncertainties through the integration of statistical and DQI approach which reflects the
dispersion in the results. The choice and integration of probability distribution can also vary the
results of uncertainty analysis even with a DQI approach only. This comprehensive uncertainty
analysis study can guide stakeholders in decision making with regards to the embodied impacts

of buildings.

9.4 Staged optimization of mid-rise residential buildings with alternative composite
facade systems

In addition to the BIM-based LCA study on novel facades for Ghanaian residential
buildings, an optimization of the embodied and operational impacts has also been studied. An
actual case study on a mid-rise residential building integrating passive design strategies, four
facade systems and integrated renewable system is investigated to optimize the trade-off
between embodied and operational impacts. The multi-objective optimization is performed in
two stages to first optimize building energy use and renewable energy generation followed by
an optimization of the trade-off between embodied and operational impacts based on the facade
systems. The first stage of the optimization includes parameters such as building orientation,

window to wall ratio, facade infiltration and BIPV window to wall ratio. The optimal solutions
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showed preference for a south facing building with an orientation of 180°. Furthermore, the
results also favor the exploitation of windows and BIPV design as they have more influence to
improve the performance of the building. The second stage optimization indicated that similar
levels of operational energy can be achieved with wide variations in the embodied impacts.
Slight increment in the thickness of BWMF fagade leads to a much higher increase in its
embodied impacts without a significant decrease in the operational impact, thus leading to
higher net impacts. Also, the variations in the thickness of CMBF yielded similar operational
impacts but large difference in embodied impacts thus the least acceptable thickness represents
its most sustainable solution. For shotcrete ICF and GS. ICF, an increment in the thickness of
insulation leads to exponential increase without significant decrease in the operational energy.
Overall, the optimal solution can reduce total life cycle energy use by up to 24.59% in
comparison to the baseline building and PV energy generation can cover up to 90% of the total
building energy demand. The optimization results were also validated as applicable in Burkina
Faso and Nigeria with similar architypes and climatic conditions which showed up to 33.33%
and 36.93% energy savings respectively. Such a whole lifecycle optimization of buildings in
developing regions will provide a valuable reference for stakeholders to develop sustainable

housing projects amidst the increasing demands for social housing.

9.5 Holistic environmental and economic design optimization of buildings

Finally, a comprehensive parametric BIM-based LCA optimization as an alternative to
conventional LCA analysis was performed. The developed approach integrates building energy
simulation with LCA to perform rigorous assessment and optimization of energy use and carbon
emission in a cost-effective approach. Extensive analyses are conducted with a wide range of
passive design strategies, building envelope material passport and renewable energy systems.
Assessment criteria were defined to include dynamic prospects such as confounding factors like

building occupancy and performance variations due to climate change. Sub-scenarios were
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adjusted, and post-optimization assessment revealed an influence of these confounding factors.
The comprehensive parametric BIM-based LCA design optimization method was applied to a
mid-rise residential building in Ghana. Eighteen design variables including building
orientation, shape coefficient, window to wall ratio (north fagcade, south fagcade, west facade,
east facade), window construction, wall construction, roof construction, floor construction, PV
installation (roof top PV, north, south, west, east facade BIPV), rooftop PV orientation, rooftop
PV tilt, facade infiltration rate variables were included in the comprehensive assessment
method. In comparison to the benchmark model, the optimized model improved CED, GWP
and cost by 42%, 58% and 32%. With an upper and lower limit determined through variations
of confounding factors, the variations in the optimized results were illustrated. Confounding
factors can greatly increase or decrease the optimal results. In case of a high confounding factor
level CED, GWP and cost can be increased by 63%, 91% and 68%, respectively. On the
contrary, CED, GWP and cost can be decreased by 53%, 75% and 59%, respectively. Post
exploration of optimization results indicate feasibility to reduce optimization time by 50%. The
exploration of representative concentration pathways indicates a continuous increase in energy
use with similar implications for carbon emission and cost. However, stringent application of
sustainable design measures and renewable energy systems can reverse trends in the future.
This new parametric BIM-based LCA design assessment method provides a comprehensive
approach for stakeholders to make informed design decision based on optimized energy and
carbon performance of the whole lifecycle of buildings in a cost-effective method. The
systematic approach detailed in this study can also guide the development of similar
methodologies for varying design or geographical contexts. The results detailed in the study
can also provide guidance to stakeholders and policy makers towards designing for whole

lifecycle carbon neutrality.
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9.6 Recommendations for future research

This thesis presents a systematic study on a robust BIM-based LCA design approach
which integrates LCA, building energy simulation, parametric design optimization, passive
design and renewable energy integration for a comprehensively optimized energy and carbon
performance in a cost-effective approach. However, there are scopes which need to be subject

to further detailed investigation in future works due to limited time and data unavailability.

Firstly, the optimization algorithm adopted for the multi-objective optimization requires
huge computational resources and long periods of computation due to the large number of
parameters involved in building LCA. In future studies comprehensive sensitivity analysis will
be integrated into the optimization process to investigate the most relevant parameters to whole
lifecycle building performance. Also, machine learning techniques will be implemented to

reduce the time and computational resources required for the whole lifecycle performance.

Secondly, the uncertainty analysis of the embodied impacts was not included into the
optimization process due to complexities of integrating the quantitative approach into the BIM-
based LCA approach. Likewise, the transportation phase, construction and end-of-life cycle
phases were excluded in the optimization process due to rarity of data and lack of uniformity
in available LCIA data. In the future more complicated models will be examined to streamline
uncertainties in other investigate the influence of lack of data and these lifecycle phases on the

whole life cycle optimization of buildings.

Lastly, a dynamic modelling of carbon emissions during the operational phase of
building needs to be studied, considering the hourly variation in carbon emissions due to
imports and export of renewable energy to and from the grid. The resultant variations in hourly
carbon emissions can profoundly impact joint optimization of energy use and carbon emissions

which needs to be explored in a comprehensive optimization process.
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Appendix 1 Uncertainty characterization for DQI-based parameters

APPENDIX

Quantity | Unit Data quality score
Activity/Material Material | Energy Carbon
Quantit | use emission
y coefficien | coefficien
t t

Material Production

Aluminum 2500.00 kg 32111 | 44534 |44534
Cement paste 160949.60 | kg 32111 (22142 |221472
Ceramic tile 232800.70 | kg 32111 /33141 |3314.1
Composite mortar 2431381.0 | kg 32111 | 322472 |3224.2

0

Galvanized steel 9892.03 kg 42111 (32241 |3224,1
Glass 44762.39 kg 32111 | 34,332 |44332
Gravel 5966.79 kg 32111 |32241 |32241
Gypsum plaster 30877.90 | kg 32111 122142 22142
Insitu concrete C30 1284.86 m?3 32111 33242 33242
Insitu concrete C35 637.49 m?3 32112 33242 |3324.2
Insitu concrete C40 642.65 m?3 32113 33242 |3324.2
Insitu concrete C45 3487.75 m?3 32114 33242 |3324.2
Iron 6009.18 kg 42111 32241 |3224]1
Metal door 507.22 m? 42111 32345 |32345
Paint 9820.00 kg 32111 | 44534 |44534
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Quantity | Unit Data quality score

Activity/Material Material | Energy Carbon

Quantit | use emission

y coefficien | coefficien

t t

Polystyrene board 8917.62 kg 32111 133241 33241
Precast concrete 2424.37 m?3 321,11 33241 |33241
PVC Membrane 1178.42 kg 32111 | 33241 |3324,1
Sand 440375.30 | kg 32111 |32241 |32241
Stainless Steel 14173.13 kg 32111 | 32242 |3224,.2
Steel bar (Insitu concrete) 223378.60 | kg 32111 32242 |32242
Steel bar (Precast concrete) 414845.90 | kg 31111 32242 |32242
Steel formwork 31290.39 kg 32111 | 33142 |3314.2
Talcum powder 82265.29 | kg 32111 /33452 |1345.2
Timber door 2534.45 m? 32111 (44534 |44534
Timber formwork 395.67 m?3 32111 44534 |44534
Windows 3148.30 m? 32111 | 44534 |44534
Onsite construction
Electricity for temporary 776502.60 | kWh 34344 34245 |34245
offices and onsite equipment
Diesel for onsite vehiclesand | 31542.00 | kWh 34,344 (34245 |34245
onsite equipment
Building maintenance
Aluminum 625.00 kg 32143 44534 |44534
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Quantity | Unit Data quality score

Activity/Material Material | Energy Carbon

Quantit | use emission

y coefficien | coefficien

t t

Cement paste 32189.92 kg 32143 122142 |221472
Composite mortar 486276.20 | kg 32143 322472 |322472
Glass 44762.39 kg 32143 |34332 |44332
Paint 39280.00 kg 32143 44534 |44534
Windows 3148.30 m? 32143 44534 |44534
Timber door 2534.45 m? 32143 44534 |44534
PVC Membrane 2356.84 kg 32111 |33241 |3324,1
Gypsum plaster 61,755.86 | kg 32111 122142 |2214.2
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Appendix 2 Uncertainty characterization for pure statistical parameters

Material Transportation | Material waste | Material density

distance (km) rate (%) (kg/m3)

Mean | SD Mean | SD Mean SD
Aluminum 200 18.49 5 0.51 2,710 142.06
Cement paste 25 1.06 10 0.93 1520 155.86
Ceramic tile 185 16.01 10 0.76 2200 117.13
Composite mortar 25 1.06 10 0.57 1650 87.85
Galvanized steel 200 18.49 5 0.56 7850 96.95
Glass 10 0.21 7 0.32 2450 56.97
Gravel 180 25.65 5 0.51 1520 155.86
Gypsum plaster 150 12.52 5 0.38 2320 74.47
Insitu concrete C30 25 3.81 5 0.51 2400 246.10
Insitu concrete C35 25 3.81 5 0.51 2400 246.10
Insitu concrete C40 25 3.81 5 0.51 2400 246.10
Insitu concrete C45 25 3.81 5 0.51 2400 246.10
Iron 250 28.14 5 0.51 6970 737.70
Metal door 200 16.96 2 0.05 -
Paint 150 | 36.38 7 1.91 1350 106.46
Polystyrene board 150 15.00 3 0.30 28 2.80
Precast concrete 100 3.45 1 0.03 2400 138.84
PVC Membrane 100 13.24 5 0.66 1070 27.18
Sand 180 9.62 5 0.23 1680 183.05
Stainless Steel 120 11.08 10 1.06 7590 707.69
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Material Transportation | Material waste | Material density
distance (km) rate (%) (kg/m?3)
Mean | SD Mean | SD Mean SD
Steel bar (Insitu concrete) | 150 11.79 7 0.15 7860 805.96
Steel bar (Precast concrete) | 100 5.32 7 0.72 7860 805.96
Steel formwork 28 1.08 7 0.35 7860 418.55
Talcum powder 150 12.38 5 0.47 2650 271.73
Timber door 220 | 60.63 2 0.25 - -
Timber formwork 250 | 58.85 5 0.51 875 116.01
Windows 100 3.45 2 0.11 - -
Appendix 3 Windows types, U-value, GWP, CED and Cost
Window type U-value | GWP CED Cost
(W/m2K) | (kgCO2. | (MJ) (USD/m?)
eq./m?)

PVC-framed double-glazing 1.1 294.00 3870.00 | 32.95
Aluminium-framed double- glazing 1.1 394.00 4850.00 | 39.54
Tropical hardwood-framed double- glazing | 1.1 202.00 2570.00 | 44.48
Standard wood-framed double- glazing 1.1 186.00 2460.00 | 46.13
Wood & aluminium-framed double- glazing | 1.1 315.00 3940.00 | 41.19
PVC-framed acoustic double- glazing 1.1 375.00 4910.00 | 62.60
PVC-framed double- double wire glazing 1.1 501.00 6130.00 | 65.90
PVC-framed triple-glazing 0.65 292.00 3730.00 | 74.14
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Window type U-value | GWP CED Cost
(W/m2K) | (kgCO2. | (MJ) (USD/m?)
eq./m?)
Aluminium-framed triple- glazing 0.65 276.00 3620.00 | 77.43
Tropical hardwood-framed triple- glazing 0.65 318.00 4220.00 | 65.90
Standard wood-framed triple- glazing 0.65 303.00 3990.00 | 69.19
Appendix 4 Roof types, U-value, GWP, CED and Cost
Roof U-value | GWP CED Cost
(kgCO2. | (MJ) (USD/m?)
eq./m?)
Gypsum plaster-concrete-PUR-EPDM 0.24 259.00 3910.00 25.86
Gypsum plaster-concrete-PUR-EPDM2 0.15 216.00 3100.00 28.01
Gypsum plaster-concrete-PUR-bitumen 0.24 284.00 4810.00 24.22
Gypsum plaster-hollow core slab-PUR- 0.23 267.00 3930.00 23.06
EPDM
Gypsum plaster-hollow hollow core slab- | 0.24 250.00 3730.00 21.42
PUR-EPDM2
Gypsum-concrete-PUR-EPDM3 0.28 272.00 4210.00 23.89
Gypsum plaster-concrete-RW-EPDM 0.29 262.00 4060.00 24.05
Gypsum plaster-clay bricks-concrete- 4.45 246.00 3790.00 24.71
PUR-EPDM
Gypsum plaster-aircrete-PUR-EPDM 0.27 273.00 4170.00 23.06
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Appendix 5 Windows types, U-value, GWP, CED and Cost

Floor type U-value | GWP CED Cost
(kgCO2. | (MJ) (USD/m?)
eq./m?)

Concrete-PUR-Screed mix-fired clay tiles | 0.22 465.00 8240.00 21.42

Concrete-PUR-Screed mix-fired clay 0.12 334.00 5850.00 26.36

tiles2

Concrete-XPS-Screed mix-fired clay tiles | 0.21 475.00 8040.00 22.24

Recycled concrete-PUR-Screed mix-fired | 0.21 465.00 8240.00 26.03

clay tiles

Trass lime concrete-PUR-Screed mix- 0.48 380.00 6590.00 19.77

fired clay tiles

Concrete-PUR-Insulating EPS Screed 0.16 718.00 10200.00 | 28.01

mix-fired clay tiles

Concrete-PUR-anhydrite-fired clay tiles | 0.22 464.00 8360.00 27.18

Concrete-PUR-Screed mix-parquet 0.20 378.00 5800.00 29.65

Concrete-PUR-Screed mix-parquet2 0.32 377.00 5770.00 29.98

Concrete-Cork-Screed mix-parquet 0.06 275.00 3740.00 26.36

Concrete-Screed mix-fired clay tiles 0.48 220 2431 19.77

Appendix 6 GWP, CED and Cost of PV modules

PV module GWP (kgCOz. | CED (MJ) | Cost

eq./m?) (USD/m?)
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Monocrystalline silicon PV modules (15% | 82.59 1304 293,51
conversion efficiency)
Appendix 7 Windows types, U-value, GWP, CED and Cost
Wall type U-value | GWP CED Cost
(kgCO2. | (MJ) (USD/m?)
eq./m?)

Timber frame-RW-facing brick 0.57 253.00 4030.00 | 39.54
Timber frame-RW-facing brick 0.43 210.00 3260.00 | 41.19
Timber frame-RW-fibre cement board 0.41 207.00 3220.00 | 44.48
Timberframe_RW214-fibre cement board 0.55 242.00 3940.00 | 37.89
FJI-cellulose-facing brick 0.42 170.00 2570.00 | 46.13
FJI-cellulose-facing brick2 0.31 147.00 2150.00 | 49.42
FJI-cellulose-roughcast gypsum blocks 0.31 160.00 1950.00 | 39.21
Timber frame-RW-planks 0.31 228.00 3870.00 | 32.95
Concrete stone-hollow RW7-facingbrick 0.29 336.00 2620.00 | 36.08
Concrete stone-hollow RW-facing brick2 | 0.15 207.00 4810.00 | 37.89
Concrete stone-hollow PUR-facing brick 0.35 336.00 2780.00 | 35.42
Concrete stone-hollow PUR-facing brick 0.14 223.00 4940.00 | 36.24
Concrete stone-full RW-facing brick 0.35 342.00 5030.00 | 37.07
Hollow brick-RW-facing brick 0.27 330.00 4730.00 | 39.21
Hollow brick- roughcast 0.25 314.00 4910.00 | 31.30
Hollow brick-EPS-roughcast 0.27 324.00 4690.00 | 36.24
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Wall type U-value | GWP CED Cost
(kgCO2. | (MJ) (USD/m?)
eq./m?)

Hollow brick-RW-facing brick 0.25 315.00 4860.00 | 35.42

Hollow brick-RW-facing brick-loam plaster | 0.28 316.00 4660.00 | 32.95

Concrete stone-hollow-PUR-concrete stone | 0.30 327.00 4900.00 | 32.95

Aircrete-facing brick 1.27 358.00 4640.00 | 31.30

Aircrete-roughcast 2.38 349.00 2930.00 | 29.65

Aircrete-facing brick 0.14 245.00 5130.00 | 35.42

Concrete insitu-RW-concrete board 0.36 345.00 4785.00 | 38.71

Gypsum plater-block wall-gypsum plaster | 2.74 256.00 4940.00 | 24.71
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