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Abstract

Greenhouse Gas Emission Mitigation Pathways for Light-Duty Vehicle Fleets under Ambitious Climate

Targets

Alexandre Milovano�

Doctor of Philosophy

Graduate Department of Civil and Mineral Engineering

University of Toronto

2021

Mitigating greenhouse gas (GHG) emissions from light-duty passenger vehicles (LDVs) will be nec-

essary to maintain global warming below 2°C, and ideally below 1.5°C. In this dissertation, methods to

estimate the life cycle GHG emission implications of LDV-focused mitigation strategies and to outline

mitigation pathways under ambitious climate targets are developed at national and urban scales.

First, a 
eet-based life cycle model, the FLAME (Fleet Life cycle Assessment and Material-
ow

Estimation) is developed to examine the life cycle GHG emission implications of mitigation strategies,

such as lightweighting the U.S. LDV 
eet or deploying mid-level ethanol blends (15-30% ethanol by

volume) in Canada's LDV 
eet. The model combines the high technological resolution of life cycle

assessment (LCA) with the temporal and dynamic perspectives of LDV 
eet models. Recommendations

are provided on the most e�ective timing of the mitigation strategies, and on their contributions to

national GHG emission reduction pledges.

Then, the FLAME model is augmented with a backcasting procedure to outline GHG emission

mitigation pathways for LDV 
eets to maintain global warming below 2 °C, and the electri�cation of the

U.S. LDV 
eet is used as a case study. The backcasting procedure relies on an innovative approach based

on Integrated Assessment Models (IAMs) to quantify national and sectoral GHG emission budgets.

Finally, the CURTAIL model (Climate change constrained URban passenger TrAnsport Integrated

Life cycle assessment) is developed and applied in Singapore to integrate all passenger land transport

modes at an urban level and to seek associated combinations of mitigation strategies that are consistent

with maintaining global warming below 2 °C or 1.5 °C.

The methods developed in this dissertation bridge gaps between the re�ned perspectives of LCA and

the global perspectives of IAMs to support the development of national and urban policies for LDVs to

respect ambitious climate targets. The �ndings suggest that there is no technological silver-bullet, there

is an urgency to act, and all mitigation e�orts should be pursued.
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Chapter 1

Introduction and Objectives

1.1 Background and Problem Statement

Climate change resulting from anthropogenic greenhouse gas (GHG) emissions is a major threat to the

social and political stabilities of modern societies (Intergovernmental Panel On Climate Change, 2014).

Maintaining high emission levels over the coming decades could result in global mean temperature in-

crease of 4°C or more above preindustrial levels by the end of the century. It will increase the likelihood

of extreme, inescapable, and irreversible impacts on ecosystems, Earth's biodiversity, communities, and

the overall global economy (Intergovernmental Panel On Climate Change, 2014). To address this global

threat, all members of the United Nations Framework Convention on Climate Change (UNFCCC) signed

the Paris agreement in 2016 to keep the increase in global mean temperature below 2°C above preindus-

trial levels, and to pursue e�orts to 1.5 °C, on the principle of common but di�erentiated responsibilities

(United Nations Framework Convention on Climate Change, 2015).

The transport sector accounted for 8.04 billion metric tonnes of carbon dioxide (Gt CO2) from fuel

combustion in 2017, or a quarter of global CO2 emissions (International Energy Agency, 2019c). The

sector consists of passenger and freight transport classi�ed into land-, water-, and air-based systems.

Between 1990 and 2014, global CO2 emissions from land-based transport increased by 80%, especially

in higher-income countries (International Energy Agency, 2019c); and important growths are expected

in the near future in countries with fast economic development, such as China and India (Mittal et al.,

2016). Globally, 35% of transport CO2 emissions are from light-duty passenger land-based systems,

or light-duty vehicles (LDVs) (Sims et al., 2014; International Energy Agency, 2019c). It is therefore

critical to mitigate GHG emissions from LDVs to maintain global warming below 2 °C, and ideally below

1.5 °C (Zhang et al., 2018b).

There are three primary ways to mitigate GHG emissions from passenger transport: avoid, shift and

improve (Dalkmann and Brannigan, 2007). The �rst set of strategies aims to avoid or curtail the travel

demand by implementing measures that reduce the need for travel and the trip length. The second set

of strategies seeks to promote transport modal shift from the higher carbon-intensity transport modes to

lower carbon-intensity modes. Finally, the third set of strategies addresses the need to improve carbon-

intensity of vehicles and fuels as well as to optimize transport infrastructure. More speci�cally for LDVs,

mitigating GHG emissions could be achieved by either curtailing the travel demand of LDVs, changing

the energy sources from fossil fuels to renewable energy, or enhancing vehicle e�ciency. However, many
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mitigation strategies shift the emission sources. For example, renewable fuels, such as biofuels from

ethanol, can substitute for petroleum fuels in LDVs, but are energy intensive to produce (Som�e et al.,

2017). Alternative powertrain vehicles, such as electric vehicles (EVs), move the emissions upstream,

from vehicle operation combustion to electricity generation, and have higher vehicle embodied emis-

sions, from energy intensive vehicle components such as lithium-ion batteries (Ellingsen et al., 2016).

Lightweighting, that is reducing vehicle weight with lightweight materials such as aluminum, reduces

vehicle fuel consumption, but increases vehicle embodied emissions due to the use of energy intensive

materials (Luk et al., 2017b). The strategies must therefore be assessed comprehensively.

At a vehicle level, assessments of environmental impacts, including global warming intensity, are

usually performed using Life Cycle Assessment (LCA), a systems approach that assesses a service or a

product across its life cycle stages (Guin�ee et al., 2011). LCA can have a high technological resolution

by considering the physical attributes of the vehicles (e.g., powertrain e�ciency, transmission e�ciency,

weight and fuel consumption) (Kim and Wallington, 2016), and o�ers useful insights to compare di�erent

fuel or vehicle alternatives. However, LCA aggregates the GHG emissions over a vehicle lifetime and

does not consider the transient e�ects of deploying new vehicles into LDV 
eets. LCA is therefore of

limited use for assessment of large-scale deployment of alternative technologies or policies (Garcia and

Freire, 2017).

Fleet-based assessments address some shortcomings by combining LCA with LDV 
eet models, and

these assessments can be used to estimate the GHG emission reductions of large-scale deployment of

mitigation strategies as a function of time. The question that arises is whether the GHG emission

reductions are su�cient to maintain global warming below 2 °C, and ideally below 1.5°C. This question is

commonly answered with Integrated Assessment Models (IAMs) (Zhang et al., 2018b) applied at a global

level. IAMs explore the relationships between human and Earth systems by representing the interactions

of energy, water, land, socioeconomic and climate at regional and global scales (Edelenbosch et al., 2017).

However, their low geographical resolution prevents the GHG emission mitigation pathways from being

relevant at national or urban scales. In addition, they do not endogenize the indirect emissions of vehicle

manufacturing, potentially underestimating the GHG emission implications of the mitigation strategies

(Wolfram and Hertwich, 2019). Therefore, there is a need for assessment models that capture the life

cycle GHG emission shifts of mitigation strategies at national or urban scales, and outline with high

technological resolution the GHG emission mitigation pathways required to respect ambitious climate

targets.

Both LCA and IAMs are seldom connected in a single model because of their distinct approaches and

objectives (Wolfram and Hertwich, 2019). The goal of this dissertation is to develop new methods that

include both the high technological resolution of LCA and the integrated global perspectives of IAMs.

These novel methods use innovative modelling techniques and can support the development of national

and urban policies for LDVs to maintain global warming below 2 °C, and ideally below 1.5°C.

1.2 Research Objectives

The methods developed in this dissertation aim to answer three overarching research questions, applied

to di�erent case studies:

ˆ What are the life cycle GHG emissions of LDV 
eets at national and urban scales?
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ˆ What are the life cycle GHG emission implications of large-scale deployment of mitigation strategies

in LDV 
eets?

ˆ What are the GHG emission mitigation pathways for LDV 
eets to maintain global warming below

2 °C, and ideally below 1.5°C?

Four objectives derive from these research questions:

ˆ Quantify the historical and prospective life cycle GHG emissions associated with LDV 
eets;

ˆ Assess life cycle GHG emission changes as a function of large-scale development of technological

changes or policies;

ˆ Estimate future GHG emission budgets for LDVs to respect ambitious climate targets;

ˆ Outline GHG emission mitigation pathways to remain within the budgets.

1.3 Dissertation Structure

The dissertation comprises seven chapters. Following the background and motivation (Chapter 1 ),

Chapter 2 provides an in-depth literature review of the notions and concepts used and summarizes

the current research gaps.Chapters 3 to 6 present four novel methodological frameworks and their

applications. Figure 1.1 shows an overview of chapters 3 to 6.

Chapter 3 focuses on the life cycle GHG emission implications of lightweighting the U.S. LDV 
eet.

This chapter develops a 
eet-based life cycle model, entitled FLAME (Fleet Life cycle Assessment and

Material-
ow Estimation), to answer four key research questions:

ˆ What are the life cycle GHG emissions of the U.S. LDV 
eet?

ˆ What are the GHG emission implications of lightweighting the U.S. LDV 
eet?

ˆ What are the in
uence of EV penetration, fuel consumption improvements, 
eet characteristics,

and automotive material 
ow on the U.S. 
eet-scale GHG emission changes due to lightweighting?

ˆ Are there substantial cumulative emission reduction bene�ts to accelerating the pace and intensity

of lightweighting?

Chapter 4 focuses on the well-to-wheel (WTW) GHG emission implications of deploying mid-level

ethanol blends (15-30% ethanol by volume) in Canada's LDV vehicle 
eet. This chapter adapts the

FLAME model to Canada's LDV 
eet, and enhances its capability by modelling the interactions of fuel

characteristics and vehicle e�ciency. The key research questions are:

ˆ What are the WTW GHG emissions of Canada's LDV 
eet?

ˆ What are the implications for ethanol and gasoline volumes of deploying mid-level ethanol blends

in Canada's LDV 
eet?

ˆ What are the associated WTW GHG emission changes?
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ˆ What is the role of ethanol to achieve the Canadian GHG emission reduction pledged to the

UNFCCC (30% below 2005 levels by 2030)?

Chapter 5 focuses on the electri�cation of the U.S. LDV 
eet. This chapter builds on the FLAME

model and uses outputs of an IAM to estimate the GHG emission mitigation pathways for EVs in the

U.S. to maintain global warming below 2 °C. The key research questions are:

ˆ What is a suitable GHG emission budget for the U.S. LDV 
eet to maintain global warming below

2 °C?

ˆ How many on-road EVs are needed to remain within the GHG emission budget?

ˆ For these EV deployment levels, what are the resulting electricity use and potential impacts on

the electricity system, and the required material consumptions of the electric batteries?

Chapter 6 focuses on GHG emission mitigation strategies for urban passenger land transport. This

chapter expands the scope of the previous chapters by integrating all passenger land transport modes

at an urban level and develops the CURTAIL model (Climate change constrained URban passenger

TrAnsport Integrated Life cycle assessment). It considers a broad set of mitigation strategies, based

on the avoid-shift-improve framework, and seeks the combinations of mitigation strategies required for

maintaining global warming below 2 °C, and ideally below 1.5 °C. The case study is the city-state of

Singapore. The key research questions are:

ˆ What are the current and prospective life cycle GHG emissions of urban passenger land transport

in Singapore?

ˆ What are suitable GHG emission budgets for urban passenger land transport in Singapore to

maintain global warming below 2 and 1.5°C?

ˆ What are the GHG emission mitigation pathways to remain within the GHG emission budgets?

Each chapter contributes to the scienti�c literature by developing novel modelling techniques, by

producing original models, as summarized in �gure 1.1, and by providing key insights that pertain to

the case studies. Chapter 7 concludes on the contributions of this dissertation to the literature and

provides recommendations for future work.
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Figure 1.1: Overview of chapters 3 to 6
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Chapter 2

Background

2.1 GHG Emission Mitigation Strategies for Passenger Trans-

port

It is critical to reduce GHG emissions from passenger transport, and especially from light-duty vehicles

(LDVs). In this section, I �rst introduce the avoid-shift-improve framework to categorize the GHG

emission mitigation strategies for passenger transport, then I describe the strategies for LDVs to enhance

vehicle e�ciency with lightweighting, to lower fuel-carbon intensity with biofuels, and to improve both

vehicle e�ciency and fuel-carbon intensity with electri�cation.

2.1.1 Avoid, Shift, Improve

There are three primary ways to mitigate GHG emissions from passenger transport: avoid, shift and

improve (Dalkmann and Brannigan, 2007). The �rst set of strategies aims to avoid or curtail the

travel demand by implementing measures that reduce the need for travel and the trip length. Such

measures include, for example, improving urban design to increase city density and develop mixed-use

city neighborhoods (Ewing and Cervero, 2010), or changing travel behaviors by promoting teleworking

(G•ossling, 2018). The second set of strategies seeks to promote transport modal shift from the higher

carbon-intensity transport modes (i.e., private cars) to lower carbon-intensity modes. The e�orts can

focus on encouraging public transport, such as bus and rail, by developing transit-oriented cities (Kimball

et al., 2013) and controlling LDV use with high fuel taxes, distance-based fees, lower speed limits, and

strict parking rules (Dalkmann and Brannigan, 2007). Finally, the third set of strategies addresses the

need to improve vehicle e�ciency and fuel carbon-intensity, and to optimize transport infrastructure.

Improving the road network by reducing detours, maximizing vehicle occupancy or optimizing tra�c

can indeed lead to substantial GHG emission reductions (Markiewicz, 2016).

2.1.2 Enhancing Vehicle E�ciency with Lightweighting

Mitigating GHG emissions from LDVs can be achieved by enhancing vehicle e�ciency. Vehicle e�ciency

refers to the ratio of mechanical energy, required to ful�ll the transport service, to the energy input,

provided by the fuel (Kim and Wallington, 2016). Average vehicle e�ciency over a trip depends on many

factors such as powertrain e�ciency (e�ciency of transforming the fuel into kinetic energy for propulsion
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purposes, around 41% for internal combustion engine vehicles using gasoline - ICEVs-G), transmission

e�ciency (e�ciency of adapting the kinetic energy of the powertrain to the drive wheels, around 88%

for ICEVs-G), vehicle weight, and driving behaviours (e.g., acceleration and braking intensities) (Kim

and Wallington, 2013a). Vehicle e�ciency is directly related to the amount of energy input by distance

travelled, also called vehicle fuel consumption.

One of the major factors dictating vehicle fuel consumption is vehicle weight. Indeed, a moving

vehicle has to overcome three types of resistance (i.e., rolling, rotating and aerodynamic) among which

two are directly proportional to the vehicle weight (Kim and Wallington, 2013a). The vehicle weight

pertains to four main elements: the size class (e.g., compact, pick-up), the design (e.g., material choices,

body construction), the features (e.g., air conditioning, safety equipment) and the performance (e.g.,

acceleration, power)(Mackenzie et al., 2014). Therefore, one solution to reduce vehicle fuel consumption

is to lightweight, that is to reduce vehicle weight by substituting conventional materials (e.g., steel, iron)

with lightweight materials (e.g., high-strength steel, aluminum) that possess similar structural properties

(Kim and Wallington, 2013a).

Policies that can a�ect vehicle e�ciency are emissions standards, such as the European CO2 emission

standards (The European Parliament and the Council of the European Union, 2019) or fuel economy

standards, such as the now revoked U.S. Corporate Average Fuel Economy (CAFE) standards (National

Highway Tra�c Safety Administration, 2018).

2.1.3 Reducing Fuel-Carbon Intensity with Biofuels

Reducing fuel-carbon intensity for LDVs can be achieved by changing the energy sources from fossil fuels

to renewable energy.

Conventional LDVs (i.e., ICEVs-G) draw energy from petroleum products made from crude oil and

other liquids (e.g., gasoline or diesel) (Melaina, 2007). Biofuels, such as ethanol or biodiesel, are liquid

fuels derived from biomass that can be used in LDVs similarly to petroleum products. Ethanol, the most

widely used biofuel, is an alcohol fuel traditionally produced through the fermentation of sugars derived

from biobased feedstocks, such as corn, wheat and sugarcane. It can also be produced from cellulosic

feedstocks (e.g., agricultural residues, forest residues, dedicated energy crops), although the production

processes are more complex and conversion technologies less mature (Mupondwa et al., 2017a,b). Ethanol

can be used as a gasoline additive to enhance octane rating and as an oxygenate (Agarwal, 2007). Corn

is the predominant feedstock in Canadian and U.S. ethanol production (85% of ethanol was produced

from corn and 15% from wheat in 2017 in Canada (Wolinetz et al., 2019) and around 95% was produced

from corn in the U.S. in 2018 (United States Department of Agriculture, 2019)).

Ethanol and gasoline are nonetheless not perfect substitutes, and higher-level blends of ethanol/gasoline

require changes in engine technologies and infrastructures (Bergthorson and Thomson, 2015). Therefore,

conventional vehicles have a maximum limit of ethanol to be blended into gasoline (i.e., generally 10%

or 15% in Canada and the U.S.) that prevents greater use of biofuels into the energy mixes (Strogen

et al., 2012). Ethanol can act as a fuel octane enhancer (Anderson et al., 2012), and can enable higher

compression ratios to improve fuel consumption (Leone et al., 2015; Speth et al., 2014; Wang et al., 2017;

Yuan et al., 2019; West et al., 2018).

Policies that can a�ect fuel-carbon intensity are renewable fuel standards or low-carbon-intensity

standards. For example, in the U.S., the Renewable Fuel Standard (RFS) program mandates some in-

creased amounts of renewable fuels to be blended into transportation fuels, particularly gasoline (Brac-
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mort, 2020). In Canada, the Renewable Fuels Regulation, enforced in 2010, requires an average of 5%

biofuel content in gasoline (Government of Canada, 2010). Low-carbon-intensity standards aim to reduce

the fuel carbon intensity and include the federal Clean Fuel Standard (CFS) in Canada (Environment

and Climate Change Canada, 2019a), which comes into force in 2022, the Renewable and Low Carbon

Fuel Requirements Regulation in British Columbia (Government of British Columbia, 2008), or the Low

Carbon Fuel Standard Program in California (California Air Resources Board, 2007).

2.1.4 Improving Vehicle E�ciency and Fuel-Carbon Intensity with Electri-

�cation

Both enhancing vehicle e�ciency and changing energy sources can be achieved by deploying alternative

vehicle technologies, such as electric vehicles (EV), with high engine e�ciency and low carbon-intensity

energy source (Reichmuth et al., 2013).

EVs can be categorized into Battery Electric Vehicles (BEVs), Plug-in Hybrid Electric Vehicles

(PHEVs) or Fuel Cell Vehicles (FCVs) (Yong et al., 2015). A BEV is powered solely by an electric mo-

tor drawing current from a rechargeable energy storage system, a battery. A PHEV can draw propulsion

energy from both an internal combustion engine or heat engine using consumable fuel, and an electric

motor powered by a rechargeable energy storage system such as a battery. It can charge the battery

from an o�-vehicle electric source, and can either operate on CD (charge depleting) or on CS (charge

sustaining) modes. A FCV is solely propelled by an electric motor with energy supplied by an electro-

chemical cell. The cell generally produces electricity via the non-combustion reaction of oxygen with

compressed hydrogen (Chan, 2007).

EVs knew multiple hypes in the past, i.e., period of rising attention and expectations about a technol-

ogy (Melton et al., 2017), but have not yet achieved signi�cant market share, with a global EV stock of

0.4% in 2018 (International Energy Agency, 2019b). While many institutions expect a rise in alternative

technologies in the mid-term future (e.g., 14% of U.S. LDV sales in 2030 according to the U.S. Energy

Information Administration (2020)), they still face important technical challenges, especially in storage

technologies, to o�er equivalent services to conventional vehicles (Etacheri et al., 2011).

2.1.5 Emission Shifts of Mitigation Strategies

GHG emission mitigation strategies for LDVs are only e�ective if they reduce total GHG emissions

over the life cycle of LDVs. However, some of the presented GHG emission mitigation strategies shift

the emission sources. For examples, lightweight materials are more energy intensive to produce than

conventional materials (Lewis et al., 2019). Biofuels are more energy intensive to produce than fossil

fuels (Pereira et al., 2019). EVs draw energy from an energy vector (e.g., electricity, hydrogen) that

could be produced from fossil fuels, and require energy intensive vehicle components (e.g., lithium-ion

batteries) (Ellingsen et al., 2016). Therefore, the strategies need to be comprehensively assessed.

2.2 Vehicle-based Environmental Assessment

Environmental assessment of alternative fuels and vehicle technologies must have a comprehensive ap-

proach. In this section, I �rst describe Life Cycle Assessment (LCA), then common �ndings of LCA
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applied to conventional vehicles and to mitigation strategies such as lightweighting, biofuels and EVs.

Finally, I conclude with some of the limitations of LCA and the need for 
eet-scale models.

2.2.1 Life Cycle Assessment

Life cycle assessment (LCA) aims to analyse the potential environmental impacts associated with the life

cycle of a product, from \cradle-to-grave" (Guin�ee et al., 2011). The life cycle stages usually comprise

raw material extraction, material production, manufacturing, use and disposal. Several standards by

the International Organization for Standardization (ISO) develop the principles and the framework for

LCA (International Organization for Standardization, 2005, 2006). The framework is divided into four

iterative phases: Goal and scope de�nition, inventory analysis, impact assessment, and interpretation.

The �rst phase, called goal and scope de�nition, de�nes the boundaries and the functions of the system

under study. LCA is a product-based assessment and requires a functional unit as a basis to compare and

analyse alternative products and systems. A common functional unit in LCAs of passenger transport is

passenger kilometer travelled. The remaining phases of the framework estimate the consumed resources,

the waste, product and emission 
ows caused by the product's life cycle, and the potential environmental

impacts of these 
ows (Rebitzer et al., 2004; Pennington et al., 2004).

2.2.2 LCA of Conventional Vehicles

LCA has been widely applied to LDVs. Usually, the life cycle of a vehicle comprises the fuel and the

vehicle cycles. The fuel cycle, also called Well-To-Wheel (WTW), accounts for resource extraction,

production, distribution, and use of fuel (MacLean and Lave, 2003). The vehicle cycle accounts for

resource extraction, material production, manufacturing, maintenance, and end-of-life of the vehicles

(Moon et al., 2006). Figure 2.1 provides a visual representation of the fuel and vehicle cycles within the

vehicle life cycle. Typical functional units of LCA of vehicles are vehicle lifetime (Hao et al., 2017) or

vehicle kilometer travelled (de Souza et al., 2018).

Figure 2.1: Representation of a vehicle life cycle with fuel and vehicle cycles
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Results of LCA of conventional vehicles (i.e., internal combustion engine vehicles using gasoline or

diesel) focusing on GHG emissions commonly report the fuel combustion during vehicle operation as the

major source of life cycle GHG emissions (Rosenfeld et al., 2019; de Souza et al., 2018; Bauer et al., 2015;

Moon et al., 2006; MacLean and Lave, 2000a). The vehicle cycle contribution varies depending on, for

examples, the vehicle size category, the vehicle material breakdown, and vehicle e�ciency. It generally

remains between 10% (Rosenfeld et al., 2019) and 20% (de Souza et al., 2018). LCAs of conventional

vehicles are therefore particularly sensitive to vehicle fuel consumption.

2.2.3 LCA of Vehicle Lightweighting

There is a large body of LCAs of vehicle lightweighting. The assessments can focus on lightweighting

single vehicle component (e.g., engine hood (Sun et al., 2017), front end (Dubreuil et al., 2012), door

(Puri et al., 2009), fender (Ribeiro et al., 2008)) or multiple components (He et al., 2020; Cecchel et al.,

2018; Boland et al., 2016; Hardwick and Outteridge, 2016; Bushi et al., 2015; Lewis et al., 2014b,a;

Dhingra and Das, 2014; Mayyas et al., 2012; Das, 2011; Ribeiro et al., 2007; Kiefer et al., 1998). The

most commonly assessed lightweight materials are high strength Steel (HSS), aluminum, magnesium,

carbon �ber reinforced polymer and glass �ber reinforced polymer. The majority of the studies consider

conventional internal combustion engine vehicles, while a few include alternative vehicles (Kim and

Wallington, 2016; Kim et al., 2015b; Lewis et al., 2014b,a).

Over the vehicle lifetime, the improvement in fuel consumption due to overall weight reduction

typically o�sets the potentially more energy-intensive production phase. However, the reductions are

strongly dependent on the lightweight materials, the speci�cs of the application (e.g., the mass ratio

between the lightweight material and the substituted baseline material, or the weight-induced fuel con-

sumption), and the numerous study assumptions (Kim and Wallington, 2013b). As a result, estimates

of the life cycle energy reductions of lightweighting with aluminum and/or HSS vary from a few percent

to more than 50% over a vehicle lifetime (Kim and Wallington, 2013b). In addition to the above noted

variability, the size and engine technology of the studied vehicle have an important in
uence on the GHG

emission mitigation potential of lightweighting (Luk et al., 2017b). For example, lightweighting EVs of-

ten provide lower life cycle GHG emission reductions than lightweighting conventional vehicles, due to

high engine e�ciency of EVs (Kim and Wallington, 2016; Lewis et al., 2014b,a). Therefore, accurate

assessments of lightweighting need to have a high technological resolution (e.g., material composition by

vehicle component, curb weight, engine e�ciency) of the lightweighted vehicles.

2.2.4 LCA of Biofuels

Biofuels have distinct life cycles from fossil fuels, and there is a considerable literature of LCAs evaluating

a wide range of biofuels, such as bioethanol, biodiesel, and biobutanol and produced from varied feedstock

including corn, wheat, sugarcane, soybeans, rapeseed/canola and lignocellulosic feedstocks (Glensor and

Mar��a Rosa Mu~noz, 2019; Pereira et al., 2019; Abdul-Manan, 2017; McManus and Taylor, 2015; Luk

et al., 2013; Muench and Guenther, 2013; Huo et al., 2009; Cherubini et al., 2009; Davis et al., 2009; von

Blottnitz and Curran, 2007; Larson, 2006). The usual \cradle to gate" approach for biofuel assessment, in

the case of agricultural based biofuels, includes the production and transport of agricultural inputs (e.g.

fertilizers, pesticides, herbicides, seeds), the cultivation and the transport of the feedstock, the conversion

process, the transport and the use/combustion of the fuel. Biofuel combustion is often characterized
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as carbon neutral because of the extraction of carbon dioxide from the atmosphere during the biomass

production, and the equivalent release during combustion (van der Voet et al., 2010). However, this

assumption is controversial and can underestimate the climate impacts of biofuels (Liu et al., 2017;

Cherubini et al., 2011; Johnson, 2009). Harvesting biomass reduces carbon stocks and therefore changes

earth's radiative balance (Johnson, 2009). In addition, this assumption ignores the timing of the carbon


ux within a bioenergy system. It does not consider the time spent in the atmosphere by the CO2

molecules before being recaptured by biomass regrowth (Cherubini et al., 2011).

The di�erences in methodological choices (e.g., allocation procedure, carbon neutrality), agricultural

context (e.g., crop type, geography, farming methods) as well as in system boundaries (e.g., changes in

carbon stock, transportation) return a wide range of results. Ethanol has been the most widely assessed

biofuel, because of its large use worldwide and its multiple potential feedstock. One of the main purpose

of assessing ethanol is to compare it with gasoline, and it is usually reported with lower GHG emissions

per MJ (van der Voet et al., 2010).

2.2.5 LCA of EVs

The LCA of EVs is the focus of numerous studies, as can be seen in the literature reviews conducted by

Nordel•of (2014) and Marmiroli (2018). One of the key challenges of comparing di�erent powertrain tech-

nologies lies in their distinct powertrain characteristics (e.g., horsepower, acceleration or driving range)

(MacLean and Lave, 2000b). Generally, at equivalent performance, EVs have higher GHG emissions

during the vehicle production phase (Ellingsen et al., 2016), because of the electric battery production

(Majeau-Bettez et al., 2011), and lower WTW emissions (Cox et al., 2018). However, the conclusions

strongly depend on the energy sources of electricity production (Wu et al., 2019b; Yuksel et al., 2016).

Regions relying on fossil fuels to produce their electricity (e.g., coal, natural gas) can imply larger GHG

emissions per distance travelled for EVs than for conventional vehicles (Wu et al., 2019b; Yuksel et al.,

2016). LCA of EVs can also be conducted prospectively by considering the future GHG emissions of

electricity production (Cox et al., 2018; Mendoza Beltran et al., 2020).

2.2.6 Limitations of LCA

LCA o�ers a thorough, standardized and useful method to compare alternative fuels and vehicles. It

provides insights on the potential trade-o�s and emission shifts at a vehicle level. However, LCA is an

intensive indicator, as it normalizes potential environmental impacts per functional unit of the compared

systems. In addition, it aggregates the environmental scores over the product lifetime. Hence, it is not

equipped to assess the deployment dynamics of alternative solutions.

The deployments of alternative vehicles, designs and fuels are bound by the 
eet dynamics (Field

et al., 2000), and their absolute mitigation potentials can overlap. For example, lightweighting a 
eet of

conventional vehicles o�ers higher GHG emission mitigation potential than lightweighting a 
eet of EVs

(Lewis et al., 2014a), and an overlap exist between electri�cation and lightweighting at a large-scale.

Improving fuel-carbon intensity by deploying biofuels has higher global GHG emission mitigation poten-

tial in 
eets dominated by conventional vehicles than in 
eets dominated by EVs (Scown et al., 2013).

Therefore, assessing the large-scale environmental impacts of mitigation strategies require indicators that

examine the absolute impacts at a systems-level, including their dynamics and prospective changes.

11



CHAPTER 2

2.3 Fleet-based Environmental Assessment

Large-scale assessment of alternative fuels and vehicles require the understanding of LDV 
eet dynamics.

In this section, I �rst introduce LDV 
eet models, and some common �ndings of 
eet-based assessments

of lightweighting, biofuels and EVs.

2.3.1 LDV Fleet Models

A LDV 
eet comprises all LDVs in a given jurisdiction. Every year, new vehicles enter the 
eet and

old ones leave the 
eet; this mechanism is the 
eet turnover. Each jurisdiction has a distinct 
eet

turnover (e.g., median vehicle lifetime is 12.9 years in China (Zheng et al., 2019) and 15 years in

the U.S. (Davis and Boundy, 2019) in 2016) and 
eet characteristics (e.g., average fuel consumption,

average weight, technology market share). A 
eet-based assessment requires the understanding of the


eet turnover, the mix of technologies (e.g., technology market shares of new vehicles), the vehicle ages,

the vehicle characteristics (e.g., weight, fuel consumption, horsepower) and the distance travelled by

vehicles. Elucidating the dynamics of LDV 
eets can be achieved with LDV 
eet models (Field et al.,

2000).

Fleet-based environmental assessments use outputs from LDV 
eet models (e.g., annual fuel use by

fuel type, number of new vehicles produced) to quantify the temporal and/or geographical distribution

of environmental impacts, such as GHG emissions, of LDV 
eets (Garcia and Freire, 2017). Some 
eet-

based assessments only consider the environmental impacts of the fuels (WTW emissions) (Martin et al.,

2017; Gonz�alez Palencia et al., 2016, 2015; Lee et al., 2013; Scown et al., 2013; Reichmuth et al., 2013;

Pasaoglu et al., 2012; Leighty et al., 2012; Kloess and M•uller, 2011; Hao et al., 2011; Melaina and Webster,

2011; Kromer et al., 2009), and others have a life cycle approach by incorporating the vehicle cycles of

the LDVs (Wu et al., 2019a; Bohnes et al., 2017; Choma and Ugaya, 2017; Gonz�alez Palencia et al.,

2017a,b; Das et al., 2016; Garcia et al., 2015; Stasinopoulos and Compston, 2014; Gonz�alez Palencia

et al., 2014, 2012; Modaresi et al., 2014b; Stasinopoulos et al., 2012; Cheah et al., 2010; Du et al., 2010;

C�aceres, 2009; Das, 2005; Field et al., 2000; Das, 2000). The latter studies use the principles of LCA

without having a functional unit, and o�er large-scale assessment of technological changes.

Fleet-based assessments can also be integrated into bottom-up energy system optimization models

(ESOMs) (Dodds and McDowall, 2014). ESOMs are technology-explicit models that simulate energy

supply, demand and market dynamics of multiple energy systems (e.g., power, residential, transport)

at local, national or global scales. They outline the least-cost technological options for prospective

scenarios in the energy markets, and the associated energy demand and GHG emissions. The common

models used to assess large-scale deployment of GHG emission mitigation strategies in the transport

sector are the MARKAL (MARKet ALlocation) models (Dhar et al., 2018, 2017; Dodds and McDowall,

2014; Dhar and Shukla, 2015; B•orjesson et al., 2014; Shakya and Shrestha, 2011; Rosenberg et al., 2010;

G•ul et al., 2009; Yeh et al., 2008; Sch•afer and Jacoby, 2006) and the TIMES models (The Integrated

MARKAL-EFOM System) (Li and Chen, 2019; Zhang et al., 2016; Bahn et al., 2013; McCollum et al.,

2012). ESOMs can focus on one mitigation strategy, such as EVs (Li and Chen, 2019; Dhar et al., 2017;

Bahn et al., 2013; Shakya and Shrestha, 2011; Rosenberg et al., 2010) or biofuels (B•orjesson et al., 2014),

or can consider a multitude of di�erent mitigation strategies (Dhar et al., 2018; Zhang et al., 2016; Dhar

and Shukla, 2015; McCollum et al., 2012; G•ul et al., 2009; Yeh et al., 2008; Sch•afer and Jacoby, 2006).

Despite their technology-richness, the ESOMs do not appropriately estimate the vintage stocks (i.e.,
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vehicle stock by age distribution), do not have a high technological resolution on the vehicle character-

istics and their interactions (e.g., weight, fuel consumption), and do not account for the vehicle cycle

GHG emissions. Some studies combined ESOMs with LCA (Pietrapertosa et al., 2009; McDowall et al.,

2018) or input-output tables (Daly et al., 2015) to account for indirect emissions; their �ndings suggest

that indirect GHG emissions matter and could change the optimal technology mixes.

2.3.2 Fleet-based Assessment of Lightweighting

There are many published 
eet-based assessments of lightweighting LDV 
eets (Wu et al., 2019a;

Gonz�alez Palencia et al., 2017a,b; Das et al., 2016; Stasinopoulos and Compston, 2014; Gonz�alez Palencia

et al., 2014, 2012; Modaresi et al., 2014b; Stasinopoulos et al., 2012; Cheah et al., 2010; Du et al., 2010;

C�aceres, 2009; Das, 2005; Field et al., 2000; Das, 2000). None of the reviewed studies use an ESOM,

as these models do not account for the interactions of vehicle weight and fuel consumption, and do not

include for changes in vehicle cycle emissions.

GHG emission reductions due to fuel savings take a greater time to o�set the energy intensive mate-

rial production phase in LDV 
eets than for a single vehicle, due to the slow penetration of lightweighted

vehicles in the 
eet. Another interest of developing 
eet-based assessment of lightweighting is to account

for the dynamic evolution of vehicle recycled material content. Modaresi et al. (2014b) accounted

for changes in recycled content given the recovered materials of retired vehicles in a global 
eet-based

assessment of lightweighting using aluminum and high-strength steel. They outlined the signi�cant envi-

ronmental implications of closing the loop of the aluminum material 
ows after few decades, as recycling

aluminum of future scrapped aluminum-intensive vehicles reduces the need of primary aluminum in the

future and therefore the energy intensity of the material used in the vehicles. Fleet-based assessments

can also concomitantly evaluate electri�cation and lightweighting considering the regional di�erences

in climate, energy sources for electricity production and driving patterns (Wu et al., 2019a). Wu et

al. (2019a) estimated that lightweighting midsized vehicles could o�er higher GHG emission mitigation

potential than electrifying them in 20% of the counties in the United States. There is, however, little

information on the prospective 
eet-scale interactions between lightweighting and technological changes,

and on the GHG emissions as a function of the temporal penetration of lightweighting in the U.S. LDV


eet. This key research gap is covered in chapter 3.

2.3.3 Fleet-based Assessment of Biofuels

Fleet-based assessments of biofuels have largely focused on the U.S. LDV 
eet (Speth et al., 2014;

Scown et al., 2013; Reichmuth et al., 2013; Leighty et al., 2012; Kromer et al., 2009) with one in Brazil

(Choma and Ugaya, 2017) and one in Sweden (B•orjesson et al., 2014). The main objectives of 
eet-

based assessments of biofuels are to estimate the 
eet-wide fuel volumes, and the necessary infrastructure

changes that national policies would require, such as the RFS in the U.S. (Bracmort, 2020). They can

also evaluate the economic and environmental bene�ts of increasing the octane rating of gasoline, with

the deployment of higher-level ethanol blends (Speth et al., 2014). Finally, they can elucidate the degree

of competition between biofuels and other mitigation strategies, such as EVs (Choma and Ugaya, 2017;

Scown et al., 2013; Leighty et al., 2012). For example, Leighty et al. (2012) suggest that high deployment

of EVs could prevent the RFS goals from being attained as less internal combustion engine vehicles would

remain in the 
eet. There is, however, a paucity of studies that include the potential interaction of higher-

13



CHAPTER 2

level ethanol blends and average vehicle e�ciency, and there is no 
eet-based assessment of Canada's

LDV 
eet. These key research gaps are addressed in chapter 4.

2.3.4 Fleet-based Assessment of EVs

The deployment of EVs has been the focus of many 
eet-based assessments in the U.S. (Wu et al., 2019a;

Scown et al., 2013; Reichmuth et al., 2013; Kromer et al., 2009), in China (He and Chen, 2013; Ou et al.,

2010), in Europe (Bohnes et al., 2017; Garcia et al., 2017, 2015; Chatzikomis et al., 2014; Baptista et al.,

2012; Kloess and M•uller, 2011), in Canada (Bahn et al., 2013), in India (Dhar et al., 2017), in Nepal

(Shakya and Shrestha, 2011) and in Brazil (Choma and Ugaya, 2017). All of the reviewed 
eet-based

assessments of EVs include the WTW emissions, but only a few included the vehicle cycle (Wu et al.,

2019a; Bohnes et al., 2017; Baptista et al., 2012; Garcia et al., 2015).

EVs are generally expected to achieve GHG emission reductions in LDV 
eets. However, the reduc-

tions depend on the driving patterns, climate conditions, the adoption rate of EVs, and the regional

energy sources to produce electricity. For example from the literature review, 2010-2050 cumulative

LDV 
eet GHG emission changes from electri�cation vary from an estimated 61% decrease in the U.S.

(Reichmuth et al., 2013) to an estimated 25% increase in Portugal (Garcia and Freire, 2016). One of the

contributions of developing 
eet-based assessments of EVs is to assess the temporal and geographical dis-

tributions of the demand of some critical materials used in the electric batteries, such as lithium (Hache

et al., 2019). The cumulative quantity of material demand and its transient changes are both crucial

factors that may disrupt the supply chains. Hache et al. (2019) analyzed that the cumulative demand

for lithium over the period 2005-2050 could reach up to 53% of the current worldwide resources; raising

economic, industrial, and geopolitical concerns. There is little information on the material criticality of

high electri�cation scenarios in the U.S. LDV 
eet, and this key research gap is addressed in chapter 5.

2.4 Respecting Ambitious Climate Targets

Fleet-based assessments evaluate the large-scale deployment of GHG emission mitigation strategies and

estimate their GHG emission reductions as a function of time. The question that arises is whether the

GHG emission reductions are enough to maintain global warming below 2°C, and ideally below 1.5°C

(United Nations Framework Convention on Climate Change, 2015). In this section, I �rst describe the

relationship between global mean temperature changes and GHG emissions, then the studies and models

that develop GHG emission mitigation pathways to respect ambitious climate targets.

2.4.1 Global Warming and Cumulative GHG Emission Budgets

The ultimate objective, when discussing climate change mitigation, is to limit the global mean tempera-

ture change relative to preindustrial era below 2°C, and ideally below 1.5°C (United Nations Framework

Convention on Climate Change, 2015). The temperature is in response to changes in radiative forcing,

and radiative forcing in response to changes in GHG concentration (Stocker et al., 2013). Therefore, a

temperature target can be translated into a concentration of GHG substances in the atmosphere, for

example 450 parts per million (ppm) of CO2 (van Vuuren and Riahi, 2011), if we focus on CO2 alone.

Concentration levels of CO2 are linked with emissions and sinks of CO2 over a period. Despite the com-

plex feedback loops between the climate and the earth systems, scientists generally agree that cumulative
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emissions of CO2 are almost proportional to global mean temperature changes (Matthews et al., 2009).

The exact value of a budget of cumulative emissions to remain within a given climate target is highly

uncertain. It depends on many parameters such as the set of considered greenhouse gases, the modelling

assumptions and threshold de�nitions (Matthews et al., 2009). Meinshausen et al. (2009) estimated a

cumulative CO2 emission budget from 2000 to 2050 between 1,000 billion metric tonnes (Gt) and 1,440

Gt of CO2 for a 25% and 50% probability, respectively, of limiting global mean temperature below 2

°C. To be usable for national and sectoral mitigation targets, the global budget has to be distributed

over countries and economic sectors. However, this distribution is highly controversial as discussed in

the next section.

2.4.2 Top-down Approach to Estimate National and Sectoral GHG Emis-

sions Budgets

The traditional approach to distribute the global CO 2 emission budget is a top-down approach that �rst

allocates the budget regionally, then by economic sector within each region. Two examples of regional

distributions are presented by Raupach et al. (2014) with distributions by historical emissions (inertia

approach) or by populations (equity approach). These approaches are controversial, as they either cre-

ate an important burden on countries with high gross domestic product (GDP) on the near-term, or

prevent countries with low GDP from pursuing equitable economic development, respectively. Despite

the principle of "common but di�erentiated responsibilities" of the Paris Agreement (United Nations

Framework Convention on Climate Change, 2015), no political consensus exists on global regional dis-

tributions and researchers are often politically criticized for doing them. An example of controversies

can be found in den Elzen and H•ohne (2008) when IPCC Fourth Assessment Report, Working Group

III, outlined country-level emission reduction ranges. Setting aside the regional allocation of the global

budget, the sectoral allocation within a region is also contentious. At a country-level, emissions origi-

nate from multiple economic sectors, and emission reductions imply sectoral emission abatement. But,

mitigation costs vary drastically between sectors, and transportation has been outlined as a sector with

high mitigation costs (Stern, 2008). Therefore, distributing the emission reduction at a sectoral level

requires an understanding of the mitigation potential and costs within each sector.

Several studies have attempted to estimate CO2 emission pathways for U.S. LDVs to maintain global

warming below 2°C. In Table 2.1, I summarize these studies and estimate their 2015-2050 CO2 emission

budgets for U.S. LDV 
eet. Grimes-Casey et al. (2009) based their estimates on global CO2 emission

pathways developed by Wigley, Richels, and Edmonds (1996). They distributed them at a regional

level using an approach called contraction and convergence, similar to the equity approach previously

described. Then they downscaled the emission pathway for LDVs by either assuming equal proportions

of emission reductions for all economic sectors, or an increasing share of LDV emissions in national

emissions, to acknowledge higher mitigation costs. Other studies likewise assumed equal proportional

emission reductions across all end-use sectors (Miotti et al., 2016; Winkler et al., 2014; Melaina and

Webster, 2011). Finally, many studies used a benchmarking value of 80% reductions in 2050 below 1990

level in the U.S., derived from political pledges and assumed equal allocations across all economic sectors

(Meier et al., 2015; Kromer et al., 2009; McCollum and Yang, 2009). There are two key limitations in the

reviewed studies. First, some studies used a benchmarking annual reduction value in 2050 and did not

consider the cumulative reductions, nor the reduction pathways up to 2050 (Meier et al., 2015; Kromer

et al., 2009; McCollum and Yang, 2009). This limited approach, although extremely simplifying from
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a methodological standpoint, raises an important concern as emission reductions are not likely to be

linear to mitigation strategies, and an annual reduction target is not representative of the reduction

needs (Alcaraz et al., 2019). Second, none of the reviewed studies considered the turnover of the LDV


eet, and therefore did not appropriately estimate the dynamics of the mitigation strategies. These key

research gaps are addressed in chapters 5 and 6.

Table 2.1: Literature review of CO2 emission reduction targets in the U.S. LDV 
eet, and estimated
2015-2050 CO2 emission budget

Source
LDV 
eet CO 2 emission
reduction target

Estimated 2015-2050
LDV CO 2 emission
budget [Gt CO 2]a

Grimes-Casey et al. (2009) 75% below 2000 in 2050 24.6
Kromer et al. (2009) 60-80% below 1990 in 2050 23.4-31.1
McCollum and Yang (2009) 50-80% below 1990 in 2050 23.4-37.4
Melaina and Webster (2011) 83% below 2005 in 2050 23.3
Winkler et al. (2014) 74% below 2010 in 2050 24.5
Meier et al. (2015) 80% below 2011 in 2050 23.4

Miotti et al. (2016)
32% and 80% below 1990 in 2030
and 2050

21.8
a To calculate the budgets, I use the U.S. Environmental Protection Agency (EPA) historical emission data (2019a) and

assumed linear reductions when annual reduction targets were speci�ed.

Table 2.1 shows that a wide range of budgets exists in the literature, between 21.8 and 37.4 Gt CO2
from 2015 to 2050. However, all these estimates have a top-down approach and simple assumptions on

regional and sectoral allocations. One solution to address these important limitations is to use bottom-up

models and calculate emission pathways from integrated assessment models.

2.4.3 Integrated Assessment Models and the Shared Socioeconomic Path-

ways

In the past decades, the climate change research community has developed bottom-up climate change

mitigation scenarios using Integrated Assessment Models (IAMs) (Gidden et al., 2018). IAMS are market

equilibrium models that represent the interactions of energy, water, land, socioeconomic and climate at

regional and global scales. Compared to ESOM, presented in section 2.3.1, IAMs include climate models

and can quantify the climate outcomes of prospective energy demand and GHG emission scenarios.

Examples of IAMs widely used by the climate change research community are IMAGE (van Vuuren

et al., 2017), MESSAGE-GLOBIOM (Fricko et al., 2017), AIM/CGE (Fujimori et al., 2017), GCAM

(Calvin et al., 2019), REMIND-MAGPIE (Kriegler et al., 2017).

To acknowledge the variability of alternative futures, researchers have developed the Shared Socioeco-

nomic Pathways (SSPs) (Kriegler et al., 2014). They comprise qualitative narratives to describe general

evolution of some society aspects, such as political stability or institutional quality; and quantitative

societal elements such as population, economic growth, or rates of technological change (O'Neill et al.,

2017). The SSPs describe potential combinations of socioeconomic challenges for adaptation to, and

mitigation of climate change. That is, they describe societal trends that could simplify or exacerbate

mitigation of, or adaption to, climate change. It is important to note that the SSPs exclude the future

climate change mitigation policies or the impacts of climate change itself (O'Neill et al., 2017).
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The SSP narratives serve as key inputs for the IAMs to describe future climate, societal, and en-

vironmental change; and on top of which to develop climate change mitigation scenarios. From the

quantitative and qualitative components of the SSP narratives, the IAMs quantify the radiative forcing

levels and global mean temperature changes by 2100 of the baseline scenarios, without climate change

mitigation policies. Then, from a set of potential climate policies, named shared climate policy assump-

tions that are consistent with the SSP narratives (Kriegler et al., 2014), the IAMs build scenarios that

match global mean temperature change targets by 2100, such as 2°C global warming relative to prein-

dustrial era (Meinshausen et al., 2011). This approach circumvents the need for a top-down decision on

GHG emission budget allocation and instead provides potential mitigation pathways from a bottom-up

modelling.

This bottom-up approach to outline GHG emission mitigation pathways in the transport sector to

respect ambitious climate targets based on IAMs has been applied in multiple studies (Hache et al., 2019;

Li and Chen, 2019; Zhang et al., 2018a; Dhar et al., 2018, 2017; Edelenbosch et al., 2017; Mittal et al.,

2016; Yeh et al., 2017; Dhar and Shukla, 2015; Girod et al., 2012; Kyle and Kim, 2011). The results

suggest that reductions in travel demand, and high deployment of EVs and of biofuels would be required

in the next decades. However, the majority of the studies were conducted at a global level and only three,

led by the same researcher, applied the method at a national level (in India) (Dhar et al., 2018, 2017;

Dhar and Shukla, 2015). As all jurisdictions have distinct 
eet turnovers and characteristics, this lack of

spatial resolution prevents the GHG emission mitigation pathways from being relevant at a national or

urban level. In addition, IAMs do not include the vehicle cycle GHG emissions (Wolfram and Hertwich,

2019), and potentially underestimate the GHG emission implications of mitigation strategies that shift

emission sources between sectors (McDowall et al., 2018). Therefore, there is a need for assessment

models that capture the life cycle emission shifts of mitigation strategies at national or urban scales,

and outline the GHG emission mitigation pathways required to respect ambitious climate targets. These

key research gaps are addressed at a national scale for the U.S. LDV 
eet in chapter 5, and at an urban

scale for passenger land-transport in chapter 6.

2.5 Summary of Research Gaps

GHG emission mitigation strategies for LDVs are only e�ective if they reduce total GHG emissions.

However, some GHG emission mitigation strategies imply shifts in the emission sources. For example,

lightweight materials are more energy intensive to produce than conventional materials. Biofuels are more

energy intensive to produce than fossil fuels. EVs draw energy from an energy vector (e.g., electricity,

hydrogen) that could be produced from fossil fuels, and require energy intensive vehicle components

(e.g., lithium-ion batteries). Therefore, comprehensive methods, such as LCA, are necessary to help

inform decisions.

LCA is a normalized indicator, as it estimates potential environmental impacts per functional unit

of the compared systems, and it aggregates the environmental scores over the product lifetime. It

is not equipped to assess the large-scale deployment of alternative solutions. Fleet-based assessments

address some shortcomings by combining LCA with 
eet models, and o�er insights into the large-scale

deployment of alternative solutions in LDV 
eets. The key research gaps in the existing literature of


eet-based assessments include the paucity of studies on the GHG emissions as a function of the temporal

penetration of lightweighting and EVs, and the lack of a 
eet-based assessment of higher-level ethanol
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blends in Canada's LDV 
eet.

Fleet-based assessments evaluate the large-scale deployment of GHG emission mitigation strategies

and estimate their GHG emission reductions as a function of time. The question that arises is whether the

GHG emission reductions are enough to maintain global warming below 2°C, and ideally below 1.5°C.

This question is commonly answered with IAMs applied at a global level. However, their low technical

resolutions prevent the GHG emission mitigation pathways from being appropriate at national or urban

scales. In addition, they do not include the vehicle cycle emissions and potentially underestimate the

GHG emission implications of mitigation strategies. Therefore, there is a need for assessment models

that consider the life cycle GHG emission shifts of LDV mitigation strategies at national or urban scales,

and outline the GHG emission mitigation pathways required to respect ambitious climate targets.
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Chapter 3

A Dynamic Fleet Model of U.S.

LDV Lightweighting and Associated

GHG Emissions from 2016-2050

This chapter is based on Milovano� et al. (2019).

3.1 Chapter Overview

Substituting conventional materials with lightweight materials is an e�ective way to reduce the life cycle

GHG emissions from LDVs. However, estimated GHG emission reductions of lightweighting depend

on multiple factors including the vehicle powertrain technology and e�ciency, lightweight material em-

ployed, and end-of-life material recovery. I developed a 
eet-based life cycle model to estimate the GHG

emission changes due to lightweighting the U.S. LDV 
eet from 2016 to 2050, using either high strength

steel or aluminum as the lightweight material. My model estimates that implementation of an aggressive

lightweighting scenario using aluminum reduces 2016 through 2050 cumulative life cycle GHG emissions

from the 
eet by 2.9 Gt CO 2 eq. (5.6%), and annual emissions in 2050 by 11%. Lightweighting has the

greatest GHG emissions reduction potential when implemented in the near-term, with two times more

reduction per kilometer traveled if implemented in 2016 rather than in 2030. Delaying implementation

by 15 years sacri�ces 72% (2.1 Gt CO2 eq.) of the cumulative GHG mitigation potential through 2050.

Lightweighting is an e�ective solution that could provide important near-term GHG emission reductions

especially during the next 10-20 years when the 
eet is dominated by conventional powertrain vehicles.

3.2 Introduction

One way to reduce GHG emissions from LDVs is to reduce future vehicles' fuel consumption by substi-

tuting conventional materials (e.g., mild steel, cast iron) with lightweight materials (e.g., high-strength

steel, aluminum) (Kim and Wallington, 2013b). Lightweighting a vehicle (i.e., reducing vehicle weight

using lightweight materials) reduces energy requirements during the use phase (Kim and Wallington,

2013b). However, vehicle fuel consumption reductions are bene�cial only if not outweighed by increased
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energy consumption elsewhere in the vehicle's life cycle (e.g., production or end-of-life) (Bertram et al.,

2009).

The GHG emission mitigation potential of adopting lightweight materials in vehicles has been studied

in the literature with a life cycle perspective (Bertram et al., 2009; Buxmann, 1994; Kiefer et al.,

1998; Ribeiro et al., 2008, 2007; Puri et al., 2009; Dubreuil et al., 2012; Bushi et al., 2015; Luk et al.,

2017a). Over the vehicle lifetime, the improvement in fuel consumption due to overall weight reduction

is generally found to o�set the potentially more energy-intensive production phase. However, the size

and engine technology of the studied vehicle have an important in
uence on the GHG emission changes

due to lightweighting (Luk et al., 2017b; Lewis et al., 2014a; Kim and Wallington, 2013a). Alternative

vehicles such as electric or hybrid vehicles typically provide lower life cycle GHG emission reductions due

to lightweighting compared to conventional (internal combustion engine) vehicles because of their higher

powertrain e�ciencies (Kim and Wallington, 2016). Equivalently, electrifying a lightweighted vehicle

o�ers less life cycle emission reductions than electrifying a non-lightweighted vehicle suggesting a need

to study lightweighting and electri�cation simultaneously. Similarly, lightweighting vehicles with lower

fuel e�ciency and larger engines provides larger life cycle emission reductions than lightweighing lower

fuel e�ciency vehicles, particularly when the powertrain is resized to maintain constant performance

characteristics after-lightweighting (Kim and Wallington, 2013a, 2016; Kim et al., 2015b). Thus, besides

uncertainties in the fundamental lightweighting parameters, there is also substantial variation in the

GHG emission reduction potential associated with the type of vehicles being lightweighted.

Traditional product-centered LCAs provide useful insights to improve upon current lightweight de-

signs or powertrain technologies, but are not appropriate for examining the dynamic e�ects of techno-

logical changes at a large scale (Garcia and Freire, 2017; Field et al., 2000). Vehicle-based LCAs do

not assess the potential 
eet-level GHG emission reductions due to vehicle lightweighting. Fleet-based

assessments that combine LCA with a dynamic 
eet model provide insights into environmental implica-

tions over time of new vehicle designs (Garcia and Freire, 2017), or powertrain technologies by capturing

the evolution of LDV attributes (e.g., engine technology, size, weight) (Cheah et al., 2010). Among

the studies that used a life cycle approach to assess the 
eet-scale implications of lightweighting the

LDV 
eet (Field et al., 2000; Cheah et al., 2010; Gonz�alez Palencia et al., 2014, 2012; Das, 2005; Das

et al., 2016; C�aceres, 2009; Modaresi et al., 2014a; Du et al., 2010; Stasinopoulos and Compston, 2014;

Stasinopoulos et al., 2012), only one focused on the U.S. 
eet and it only looked at energy use (Das et al.,

2016) and not GHG emissions. Das et al. (2016) assessed the cumulative energy demand of lightweight-

ing alternative powertrain vehicles with a 
eet-based life cycle energy assessment of the U.S. LDV 
eet.

They found that 
eet lightweighting results in greater energy savings in conventional-vehicle dominated

market scenarios compared to alternative-vehicle-dominated market scenarios. Other studies that ex-

plicitly considered the penetration of alternative powertrains along with lightweighting examined these

as two distinct ways of reducing GHG emissions or as part of their modeling and did not evaluate inter-

actions among these (Gonz�alez Palencia et al., 2014, 2012; Modaresi et al., 2014a). Gonzalez Palencia

et al. (2014; 2012) developed 
eet-based models to assess di�erent market penetrations of conventional

and alternative vehicles with and without lightweighting in Colombia. They concluded that alternative

powertrain penetration has a larger potential to reduce the 
eet GHG emissions than lightweighting in

Colombia. Finally, Modaresi et al. (2014a) estimated the worldwide life cycle GHG emission reductions

due to lightweighting with a focus on steel and aluminum. They determined that `extreme lightweight-

ing' using aluminum could provide 8% reduction in cumulative life cycle GHG emissions over 40 years,
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and that closing the loops of automotive materials (i.e., improving the recycling processes to increase the

recycled content of new vehicles) could enhance these emission reductions by up to 33%. Their modeling

included the increasing penetrations of alternative vehicles but did not consider the impact of increasing

engine e�ciency over time on the lightweighting GHG emission mitigation potential.

There is little information available on the 
eet-scale GHG emission implications of lightweighting

the U.S. LDV 
eet, or the interactions between lightweighting and technological changes such as fuel

consumption improvement strategies or electri�cation at a 
eet level. The latter gap is particularly

noteworthy given the increase in vehicle e�ciency and penetration of electric powertrains that may be

required in the U.S. to meet the 2025 CAFE standards (Luk et al., 2016). I address the above gaps

in this chapter with the objective of quantifying the changes in GHG emissions that would result from

lightweighting the U.S. LDV 
eet from 2016 to 2050. More speci�cally, I evaluate the in
uence of EV

penetration, fuel consumption improvements, 
eet characteristics (i.e., average LDV size and total 
eet

stock), and automotive material 
ow on the U.S. 
eet-scale GHG emission changes due to lightweighting.

Finally, I examine GHG emissions as a function of the temporal penetration of lightweighting. Overall,

I provide insights on: Should lightweighting be implemented in the U.S. LDV 
eet? And if so, are there

substantial emission reduction bene�ts to accelerating the pace and intensity of lightweighting?

3.3 Method

The following section presents an overview of the method with additional details in appendix A and the

�rst release of the FLAME model can be found in a GitHub repository (Milovano�, 2019).

3.3.1 The FLAME Model

I develop a 
eet-based life cycle model, the FLAME model (Fleet Life cycle Assessment and Material-
ow

Estimation) for the U.S. LDV 
eet from 2016 to 2050. Four modules (vehicle, 
eet, automotive material


ow and LCA modules) are linked to comprise FLAME (Figure 3.1). The vehicle module establishes

the vehicle characteristics by vehicle type and includes the lightweighting submodule that simulates the

vehicle characteristics for di�erent lightweighting scenarios for 2016 onward. The 
eet module calculates

the annual 
eet stock including model year and fuel type, as well as 
eet kilometers traveled and fuel

use by vehicle type. Then, the automotive material 
ow module estimates the quantities of recovered

materials available from scrapped vehicles, along with consumption of primary and secondary (recycled)

materials for new vehicle production. Finally, the LCA module combines outputs from all other modules

with fuel and material emission factors to calculate the annual life cycle GHG emissions of the LDV


eet.
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Figure 3.1: Overview of the FLAME model

3.3.2 Vehicle Module

I consider twelve vehicle technology categories (U.S. Energy Information Administration, 2019) and two

size categories, cars and light trucks (U.S. Environmental Protection Agency, 2016), to represent the

U.S. LDV 
eet. Each vehicle type is assigned a material composition (% breakdown), curb weight (kg),

and fuel consumption (l or kWh/100 km) for each model year. The vehicle material composition consists

of six materials or material categories that sum to the curb weight: 1) high strength steel and advanced

high strength steel (HSS/AHSS), 2) cast iron, 3) mild steel and other steels, 4) wrought aluminum, 5)

cast aluminum, and 6) all other materials. The other materials combined typically represent less than

25% of the vehicle's weight (Figures A.2).

The vehicle material composition, curb weight and fuel consumption are historically calculated from

1980 to 2015 and estimated from 2016 onward in the lightweighting submodule with several scenarios.

The \No lightweighting" scenario considers a constant set of material composition for all vehicle types

based on the 2015 values. The \Steel Intensive", \Aluminum Intensive" and \Aluminum Maximum"

scenarios are derived from the scenarios of Modaresi et al. (2014a) , and essentially focus on two com-

mon lightweight materials: HSS/AHSS and aluminum. HSS/AHSS and aluminum can provide similar

structural performance as conventional materials (i.e., steel and cast iron) but with less weight. The

lightweighting scenarios consist of a set of subcomponent-speci�c material replacement rates and ma-

terial substitution factors of replaced and replacing materials (see section A.1.3 for more details). For

example, the \Steel Intensive" scenario substitutes 100% of steel in body with HSS/AHSS with a substi-
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tution factor of 0.8 corresponding to a primary 20% weight reduction of steel in body. The \Aluminum

Intensive" scenario possesses the same subcomponent-speci�c replacement rates as the \Steel Intensive"

but with di�erent and often lower substitution factors (e.g., 0.6 from mild steel to cast aluminum in

body. Figure A.4). Finally, the \Aluminum Maximum" scenario possesses larger replacement rates and

for more components.

By default, the scenarios include a gradual 15-year linear intensi�cation of vehicle lightweighting

from 2016 to 2030. The full lightweighted designs are achieved for the 2030 model-year vehicles and

in every year from 2016 to 2030, new vehicles are lighter than in the previous year. In all scenarios

I account for unrelated vehicle weight increases driven by the inclusion of more vehicle features and

assume that 102 kg is added to vehicle weight from 2016 to 2050 based on historical trends reported

in MacKenzie et al. (2014). From the primary material substitutions based on the lightweighting

scenarios, and feature weight increases, structural secondary mass changes are estimated. The secondary

mass changes represent further weight changes achieved in some supporting components, the powertrain

or in the battery. The method is taken from Alonso et al. (2012) and Luk et al. (2017a) using

equations presented in MacKenzie et al. (2014) (see section A.1.3 for mode details on the procedure

and equations). Relatively to baseline, secondary mass savings represent 51% of the total mass savings

from lightweighting in the Aluminum and Steel Intensive scenarios and 46% of the mass savings in the

\Aluminum Maximum" scenario for conventional cars. Table 1 contains the material breakdown of the

same conventional car before and after application of the complete lightweighting scenarios (Figures A.6

and A.7 for other vehicle types).

Table 3.1: Material breakdown of an average conventional internal combustion engine gasoline car in
2016 and in 2030 for four lightweighting scenarios

Material breakdown (kg) 2016
No
Lightweighting
(2030)

Steel
Intensive
(2030)

Aluminum
Intensive
(2030)

Aluminum
Maximum
(2030)

HSS/AHSS 291 298 486 280 97
Cast Iron 117 121 116 109 50

Mild and other steels 589 602 341 327 255
Wrought Aluminum 42 44 42 136 310

Cast Aluminum 117 121 117 153 181
Other 461 512 504 493 484

Total (kg) 1617 1698 1606 1498 1377

Weight savings (kg) 0 92 199 320
Weight savings (%) 0 5 12 19

The overall mass changes directly in
uence the vehicle fuel consumption. From the technical at-

tributes of the vehicles and the powertrain technology, vehicle type speci�c fuel reduction values (FRVs)

are estimated and used to obtain the fuel consumptions after weight changes. The FRVs are computed

annually based on the physics-based models in Kim et al. (2013a; 2016; 2015b). The theoretical calcu-

lations of the FRVs are able to consider adjustments in powertrain characteristics to result in equivalent

performance (acceleration time and horsepower) before and after lightweighting. By default, I calcu-

late FRVs as the mean of FRVs with and without powertrain adjustments; the resulting mean values

are consistent with assumptions from existing literature (Kim and Wallington, 2013a, 2016; Kim et al.,

2015b). I assess bounding scenarios with and without powertrain adjustments in the sensitivity analysis.
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In addition, I model changes to FRVs due to annual e�ciency improvements derived from Mowad et al.

(2016) that occur independent of the lightweighting scenarios. In 2016, estimated FRVs are 0.36 and

0.08 L of gasoline equivalent per 100 kg and 100 km for internal combustion engine gasoline cars and

battery electric cars, respectively.

In addition, fuel consumptions are changed annually based on the Annual Energy Outlook (AEO)

2018 projections of the U.S. Environmental Information Administration (2018). The fuel consumption

improvements are based on sets of technological advances (e.g., engine friction reduction) implemented

in the AEO projections and dependent on economic and policy factors. I build three scenarios to account

for the parameter sensitivity (no improvement, default, and high fuel consumption improvements after

2016 in new vehicles).

3.3.3 Fleet Module

The 
eet module calculates the annual stock of on-road LDVs by type and model year (Bandivadekar,

2008), the annual 
eet kilometers traveled (Fleet KT), and 
eet fuel use.

Each year, the LDV 
eet stock is adjusted based on the previous year annual stock and annual

estimates of scrapped and new vehicles. Equation 3.1 describes the dynamics of the 
eet turnover.

Stockt;c;y = Stockt;c;y � 1 + In t;c;y � Out t;c;y (3.1)

With Stockt;c;y the number of on-road vehicles of technologyt, categoryc at year y; In t;c;y the incom-

ing vehicles (i.e., the new sales); andOut t;c;y the outgoing vehicles (i.e., scrapped vehicles). Scrapped

vehicles are estimated from the previous year stock and the vehicle survival rate distributions as presented

in equation 3.2.

Out t;c;y;a = (1 � SRt;c;a ) � Stockt;c;y � 1;a (3.2)

Out t;c;y =
X

a= age

Out t;c;y;a (3.3)

With Out t;c;y;a the number of outgoing vehicles of technologyt, category c, agea at year y; SRt;c;a

the probability for a vehicle to stay operational in the 
eet knowing it was operational in the previous

year. Survival rates derive from the VISION model (Zhou and Vyas, 2014) and are explained in great

details in section A.2.1. The annual LDV population by technology, category and age is called the

vintage stock.

Historical vintage stocks are built from 1970 to 2015 with data extracted from the VISION model

(Zhou and Vyas, 2014) (1970 - 2007) and from the Annual Energy Outlook (2007 to 2015) (2018).

I consider three prospective 
eet stock cases based on the reference, high oil price and low oil price

cases of AEO 2018 (2018). The cases represent bounding estimates of the prospective 
eet stock size

and light-truck shares. Oil prices also in
uence the prospective fuel consumption improvements and

the technology market share of the vehicles. I therefore evaluate the sensitivity of 
eet GHG emissions

to oil prices. In addition, I develop a High EV Penetration case to represent optimistic projections of

battery EV penetration based on estimates from Bloomberg Energy Finance (2017). In the High EV

Penetration case, battery EV sales represent 26% of the LDV market share in 2030 and 58% by 2040

(see section A.2.2 for more details).
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Fleet kilometers traveled are based on the vintage 
eet, age-speci�c distributions of annual vehicle

kilometers traveled and annual growth rates to account for increasing use of the LDVs (see section A.2.3

for more details). Finally, annual fuel usages are computed from the fuel consumption values by vehicle

type and the annual kilometers traveled by vehicle type.

3.3.4 Automotive Material Flow Module

The automotive material 
ow module estimates annually the amount of recovered materials from scrapped

vehicles along with an exogenous contribution of scrap material from other sectors and the consump-

tion from new vehicles of secondary and primary materials. Figure 3.2 presents the 
ows of material

considered in the Automotive Material Flow module. Note that the red boundary represents processes

that occur annually, and the blue boundary represents one material category (i.e., HSS/AHSS, cast iron,

mild steel and other steels, wrought aluminum, cast aluminum, and others). Every year, vehicles are

scrapped. Based on the vehicle type, age and material composition of the scrapped vehicles, the amount

of scrapped material m in year y is calculated by material (Scrapy;m ). The scrapped materials are

recovered into the same materials (Recy;m ), lost (Losses) and recovered into other materials (Recy;m 0).

Every year, new vehicles are manufactured. Based on the vehicle type and material composition of the

new vehicles, the amount of embodied materials are calculated by material (Emby;m ). The embodied

materials represent the quantity of material embodied in the vehicles. However, the amount of supplied

materials in the manufacturing process (Supy;m ) is greater than the amount of embodied material due

to the process scrap generated in the manufacturing stage (PScrapy;m ). The process scrap materials are

recovered into recovered material. The material supply is met by primary material, internal secondary

material and external secondary material if necessary. Section A.3 presents the set of equations used in

the module.

Figure 3.2: Automotive Material Flow framework

The parameters of the equations, such as the process scrap rates by material and recovery rates

from the scrapped materials, are taken from the Aluminum Association (2013) for aluminum and from
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Modaresi et al. (2014a) for the other materials. Then two scenarios are developed for prospective

values. The \Business As Usual" scenario considers no improvements in the material recycling processes

of the scrapped automotive materials. Steel and cast iron are partially downcycled to construction

steel, and wrought aluminum components are partially downcycled to cast aluminum. The \Closed

Loop" scenario considers improvements in the material recycling processes by 2050 to recover steel and

aluminum components of the scrapped vehicles for the new vehicles. The two scenarios derived from

Modaresi et al. (2014a).

3.3.5 LCA Module

The LCA module estimates the annual life cycle GHG emissions associated with the U.S. LDV 
eet over

the period 2016-2050. For each year, it includes the emissions from new vehicle production (materials

production, manufacturing and assembly phases), use-phase of driven vehicles (fuel production and use),

and disposal of scrapped vehicles. Imported and U.S. produced vehicles are assumed to have equivalent

production emissions. GHG emissions are estimated using the 100-year Global Warming Potentials of

the IPCC 5th assessment report (Stocker et al., 2013) with climate-carbon feedback. Emissions factors

for fuels and materials are mostly assumed static from 2015 to 2050 and derive from GREET 2017

(Center for Transportation Research, 2016), and the ecoinvent database version 3.3 (2016). Emission

factors of electricity production in the U.S. are computed annually from 2015 to 2050 from the \Elec-

tricity Generation by electricity market region" of the AEO 2018 (2018) and the life cycle inventories

of electricity production in the U.S. of ecoinvent version 3.3 (2016). Emission factors of primary alu-

minum consumption in the U.S. are calculated from 2015 to 2050 based on spatially-di�erentiated life

cycle inventories of the ecoinvent database (Wernet et al., 2016), U.S. consumption mixes of primary

aluminum by producing region from trade data of UN Comtrade (2019) and production data from USGS

(2019). The method to calculate primary aluminum ingot emission factors has been the subject of a

peer-reviewed paper (Milovano� et al., 2020a). Figure 3.3 summarizes the data sources. See section A.4

for more details.

Figure 3.3: Life cycle boundaries with sources.
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3.4 Results

3.4.1 LDV Fleet GHG Emissions

Figure 3.4a shows the annual life cycle 
eet GHG emissions for a baseline with technological changes

(i.e., with penetration of alternative powertrain and fuel, and fuel consumption improvements) and three

main lightweighting scenarios. Figure 3.4b uses a baseline without technological changes to illustrate

the relative contribution of fuel consumption improvements, alternative powertrain penetration and Alu-

minum Maximum lightweighting. Despite an increasing 
eet stock (Figure A.12), alternative powertrain

penetration and especially fuel consumption improvements lead to a minimum of 1.38 Gt CO2 eq. per

year in 2034 (Figure 3.4b). Decreasing emissions are due to the gradual penetration of more e�cient

vehicles (driven by CAFE standards), after which increasing Fleet KT begins to dominate again through

2050. These emissions are dominated by fuel production and use (Figure A.16), respectively representing

17% and 76% of the annual 
eet GHG emissions in 2016. By 2050, lightweighting can contribute up to

0.17 Gt CO2 eq. reduction in annual 
eet GHG emissions or 11% in the case of the Aluminum Maximum

scenario.

Figure 3.4: Annual U.S. LDV 
eet life cycle GHG emissions 2016-2050 by lightweighting scenario (a),
with changes from alternative powertrain/fuel penetration, fuel consumption improvements, and

Aluminum Maximum lightweighting (b); (c) Cumulative emissions changes 2016-2050 due to
lightweighting with life cycle phases
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Lightweighting generally brings higher upfront emissions, and a cumulative perspective is needed to

assess the resulting life cycle GHG emission changes (Figure 3.4c). The Aluminum Maximum scenario

achieves cumulative reductions of 2.9 Gt CO2 eq. or 5.6% from 2016-2050, compared to the baseline

with technological changes. This is 2.3 and 1.3 times more reductions than the Steel Intensive and

Aluminum Intensive scenarios, respectively. Through 2050, the Aluminum Maximum scenario includes

large reductions from the fuel production and use phases (3.1 and 0.9 Gt CO2 eq. respectively) but

adds 1.1 Gt CO2 eq. in primary material production from the higher need for aluminum. The Steel

Intensive scenario decreases the GHG emissions of the primary material production phase but brings

lower fuel savings. Thus, while scenarios with progressively more lightweighting may or may not have

higher upfront emissions (i.e., production phase), they result in net GHG emission reductions due to

greater fuel savings. The Steel Intensive scenario reduces emissions immediately, but the Aluminum

Intensive and Aluminum Maximum scenarios take 1.4 year and 6.3 years, respectively, before reducing

cumulative emissions relative to the No Lightweighting scenario.

3.4.2 E�ects of External Factors on GHG Emission Changes from Lightweight-

ing

I assess four external factors and their in
uences on GHG emission changes from lightweighting: fuel

consumption improvements through vehicle e�ciency improvements, alternative powertrain and fuel pen-

etration, automotive material recovery, and oil prices. The �rst factor (fuel consumption improvements)

ranges from no improvement to high vehicle e�ciency improvements after 2016 for all vehicle types.

The high e�ciency improvements lead to decreasing fuel consumptions and FRVs (fuel consumptions

for conventional gasoline cars without lightweighting decrease from 8.7 to 6.8 L/100km and FRVs from

0.36 to 0.27 (L/100km)/100kg between 2016 and 2030). The alternative powertrain and fuel penetration

factor ranges from no further penetration after 2016 to High EV Penetration (amounting to 151 million

EVs in 2050). The automotive material recovery factor ranges from a business-as-usual recycling loop

to a closed loop. For the Aluminum Maximum scenario in 2030, 78% of the wrought aluminum com-

ponents are from primary aluminum in the business-as-usual loop and 70% in the closed loop (Figure

A.15). Finally, the oil price factor ranges from low oil prices (313 million vehicles with 47% light-trucks

in 2050) to high oil prices (255 million vehicles with 35% light-trucks in 2050).

Figure 3.5a shows ranges for the cumulative GHG emission changes from lightweighting during the

period 2016-2050, separated into cases representing bounding assumptions for each of the four external

factors. For each simulation, all factors are kept at their default values except the factor under study.

Lightweighting has larger GHG emission reduction potential (left bound of each line) when fuel con-

sumption improvements and alternative powertrain are not implemented, when oil prices are low, or

when automotive material recovery is high for aluminum lightweighting and low for steel lightweighting.

The Aluminum Maximum scenario always o�ers the deepest cumulative emission reductions.
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Figure 3.5: (a) Cumulative 2016-2050 changes in U.S. LDV 
eet GHG emissions by lightweighting
scenario and bounding cases for four external factors; Annual emission changes 2016-2050 assuming (b)

no alternative powertrain and fuel penetration beyond 2016, (c) High EV Penetration case

Fuel consumption improvements

When vehicles are less e�cient, lightweighting provides higher cumulative GHG emission reductions,

i.e., 3.4 Gt CO2 eq. reductions for Aluminum Maximum lightweighting when assuming no fuel con-

sumption improvements after 2016, compared to 2.7 Gt CO2 eq. reductions with high fuel consumption

improvements. E�ciency improvements (largely driven by CAFE standards (National Highway Tra�c

Safety Administration, 2018)) are expected to decrease the FRVs of lightweighting, and vehicles will

have less fuel consumption reduction for the same weight savings. However, expected vehicle e�ciency

improvements lead to lower GHG emissions than in the `no improvement' case, despite diminishing the

lightweighting GHG emission mitigation potential.
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Alternative powertrain and fuel penetration

Figures 3.5b and 3.5c show the annual contribution to GHG emission reductions from alternative power-

train penetration, fuel consumption improvements and Aluminum Maximum lightweighting, for bound-

ing assumptions regarding EV penetration levels. The High EV Penetration case increases the overall

e�ciency of the LDVs and therefore reduces the lightweighting GHG emission mitigation potential. EVs

possess lower FRV of lightweighting than conventional vehicles (see table A.5), which reduces by 26% the

cumulative GHG emission reductions from lightweighting in a high EV scenario compared to no further

penetration (from 3.1 to 2.3 Gt CO2 eq. over the period 2016-2050 for Aluminum Maximum lightweight-

ing). Overall, however, the High EV Penetration case o�ers lower annual 
eet GHG emissions, mostly

after 2030.

Lightweighting can increase the vehicle production cost and may be prohibitive for more costly

alternative vehicles. However, I �nd that selectively lightweighting only conventional or hybrid vehicles

is nearly as e�ective at reducing GHG emissions as complete lightweighting of all technologies. I assess

the potential \rivalry" of lightweighting and alternative vehicle penetration by developing an Adapted

Aluminum Maximum scenario. This scenario is built from the Aluminum Maximum for conventional

vehicles (where lightweighting o�ers the greatest GHG emission reductions), intensive lightweighting

using aluminum for hybrid vehicles and no lightweighting for EVs (where lightweighting o�ers the lowest

GHG emission reductions). The Adapted Aluminum Maximum scenario achieves 97% of the complete

Aluminum Maximum scenario's cumulative GHG reductions in the reference 
eet stock case and 85%

in the High EV Penetration case (Figure A.17). Nevertheless, lightweighting BEVs may have additional

bene�ts such as increasing vehicle range, which may in turn a�ect BEV penetration.

Automotive material recovery

Gradually shifting toward full recycling of all automotive materials increases the cumulative GHG emis-

sion reductions from lightweighting when aluminum is the primary lightweighting material (from 2.9 to

3.2 Gt CO2 eq. in the default and closed loop scenarios respectively for Aluminum Maximum). Although

closing the loop reduces emissions in all scenarios, it actually provides greater bene�t to the baseline

No Lightweighting scenario than to the Steel Intensive scenario because of the lower overall steel weight

in vehicles after substitution with HSS/AHSS and the equivalent primary and secondary production

emission factors of mild steel and HSS/AHSS. Modaresi et al. (2014a) found that an automotive ma-

terial closed loop recycling scenario increases the GHG emission reductions from lightweighting with

Aluminum by 30%. My modeling for the U.S. LDV 
eet suggests that closing the loop of the auto-

motive materials increases the GHG emission reductions from lightweighting by 10% in the Aluminum

Maximum scenario over the 2016-2050 period. The di�erence in �ndings is presumably largely a result

of the di�erent geographical scopes of the two studies (i.e., U.S. and world) that provide distinct 
eet

characteristics.

Oil prices

The GHG emission reductions of lightweighting the U.S. LDV 
eet in a low oil price case are more

important than in a high oil price case (3.3 compared to 2.5 Gt CO2 eq. cumulative reductions over the

period 2016-2050). When oil prices are high, the LDV 
eet stock decreases, and manufacturers are urged

to develop more e�cient and/or smaller vehicles. Conversely, low oil prices impede fuel consumption
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improvements or the penetration of alternative vehicles and increase the 
eet stock and sale shares of

light trucks (Figure A.12). From 2016 to 2050 in the U.S., the most important in
uence of oil prices

on the 
eet GHG emissions are the size of the 
eet stock and the share of light-trucks. Oil prices

substantially a�ect the prospective 
eet GHG emissions and a low oil price case results in higher 
eet

GHG emissions even with the increased bene�ts of lightweighting.

3.4.3 Pace and Timing of U.S. LDV Fleet Lightweighting

Faced with fuel consumption improvements and increasing penetration of alternative powertrains, the

GHG mitigation potential of lightweighting decreases over time. Delaying the lightweighting implemen-

tation of the Aluminum Maximum scenario by 15 years (i.e., starting in 2030, less than halfway through

the study period) reduces the 2016-2050 cumulative changes due to lightweighting by 72% in the de-

fault case (from -2.9 to -0.8 Gt CO2 eq. in �gure 3.6a). The results re
ect the non-linearity of the


eet GHG emission reductions, the decreasing assessment period of lightweighting (2030-2050 instead of

2016-2050), and the decreasing GHG emission mitigation potential of lightweighting per Fleet kilometer

traveled (Fleet KT) over time.

Figure 3.6: (a) Cumulative U.S. LDV 
eet life cycle GHG emission changes (2016-2050) for three
lightweighting implementation starting years, (b) normalized by 
eet KT over a 20-year period

I show the GHG emission mitigation potential of lightweighting per 
eet kilometers traveled for

three lightweighting implementation-starting years (2016, 2023 or 2030) in Figure 3.6b. The GHG

emission changes due to lightweighting are calculated over a 20-year period from each starting year.

For example, the lightweighting implementation-starting year 2023 has a gradual linear implementation

of lightweighting from 2023 to 2038. The cumulative GHG emission changes from lightweighting are

calculated from 2023 to 2043 and are divided by the cumulative LDV 
eet kilometers traveled from

2023 to 2043. Delaying by 15 years the lightweighting implementation decreases by 16% the 20-year

normalized lightweighting GHG emission mitigation potential (from -8.0 to -6.7 g CO2 eq. per Fleet KT
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over 20 years for Aluminum Maximum scenario in default case). The smaller GHG emission changes for

later implementation years result from the expected fuel consumption improvements in the near term and

the alternative powertrain penetration in the longer term. If high technological changes (i.e., high fuel

consumption improvements and High EV Penetration) occur, waiting until 2030 to start lightweighting

with the Aluminum Maximum scenario decreases the 20-year normalized GHG emission reductions from

lightweighting by 49%, (from -6.5 to -3.3 g CO2 eq. of cumulative GHG emission changes per Fleet KT

over 20 years). In such a case, the Aluminum Intensive scenario provides more GHG emission reductions

than the Aluminum Maximum over 20 years.

Finally, faster rates of lightweighting (e.g., reducing the lightweighting implementation period) in-

crease the absolute GHG emission reductions and reduce the GHG emission payback time associated

with the lightweighting scenarios (5.0 years for a 2-year implementation period compared to 6.8 years

for a 20-year period in the Aluminum Maximum scenario, Figure A.18).

3.4.4 Sensitivity Analysis

A single-factor sensitivity analysis is conducted on key parameters that do not include the scenario factors

previously described (Figure A.19). The GHG emission changes from lightweighting are most sensitive

to the substitution factors of the lightweight materials, the FRVs, and secondary weight changes. The

results have a low sensitivity to electricity supply mix assumptions for EVs because of the relatively small

penetration of BEVs and PHEVs and a more important sensitivity to electric supply mix assumptions

for aluminum production. Figure A.20 shows that for a combination of high substitution factors (e.g.,

0.99 and 0.65 kg of cast/wrought aluminum per kg of steel in the body and chassis, respectively) and no

secondary weight savings, the Aluminum Maximum lightweighting may increase cumulative 
eet GHG

emissions by up to 1.9 Gt CO2 eq. or 4% over the period 2016-2050 compared to a baseline scenario

without lightweighting. Conversely, for a combination of low substitution factors (e.g., 0.29 and 0.5 kg

of cast/wrought aluminum per kg of steel in the body and chassis, respectively), high secondary mass

savings, and a closed loop automotive material 
ow, the Aluminum Maximum lightweighting could save

7.3 Gt CO2 eq. or 14% of the 2016-2050 cumulative 
eet GHG emissions without lightweighting.

3.5 Discussion

3.5.1 Fleet GHG Emission Reduction Target in 2025: Lightweighting a

Stand-Alone Measure?

In 2015, the United States submitted a Nationally Determined Contribution pledging to reduce GHG

emissions in 2025 to 26-28% below 2005 levels (2015). Assuming equivalent contributions of all economic

sectors and the prospective 
eet stock of the AEO 2018 reference case from 2015 to 2025, the LDV 
eet

would require 227 Mt CO2 eq. of GHG reductions in 2025 compared to the baseline 
eet GHG emissions.

Lightweighting the U.S. LDV 
eet would likely prevent an otherwise expected rise in baseline 
eet GHG

emissions (by 40 MT CO2 eq. in 2025 over 2016) and further provide some 
eet emission reductions.

Alone, the Aluminum Maximum lightweighting scenario would achieve 28 Mt CO2 eq. of life cycle GHG

emission reductions in 2025 compared to a baseline without technological changes. This value results

from 54 Mt CO2 eq. of emissions reductions in the transportation sector (i.e., accounting for upstream

and tailpipe emissions of fuels including imported fuels) o�set by a 26 Mt CO2 eq. increase in sectors
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associated with vehicle production including imported vehicles in the U.S. (e.g., in 2017, 43% of the new

vehicles are produced outside the U.S.). Thus, lightweighting is not a stand-alone measure to attain the

emissions target pledged in 2015, amounting to only 12% of the target with a life cycle approach.

I considered two technological changes that would reduce the life cycle 
eet GHG emissions: fuel

consumption improvements, and alternative vehicle and fuel penetration. Using default values, these

two measures, together with Aluminum Maximum lightweighting, provide 149 Mt CO 2 eq. of GHG

emission reductions in 2025 in the transportation sector compared to the baseline without technological

changes. However, this also implies 24 Mt CO2 eq. of GHG emission increase in other industrial sectors.

These 124 Mt CO2 eq. of life cycle GHG emission reductions correspond to 55% of the emissions target

and therefore these measures are still not su�cient. Among my simulations, only a high oil price case

coupled with the three previous measures would achieve the emissions target in 2025.

3.5.2 Long Term Prospects of Lightweighting

In the absence of fuel consumption improvements or alternative powertrain penetration, lightweighting

could reduce cumulative life-cycle emissions from 2016 to 2050 by 3.7, 2.7 or 1.5 Gt CO2 eq. (6.1%, 4.5%

and 2.5%) in the Aluminum Maximum, Aluminum Intensive, and Steel Intensive scenarios, respectively.

For comparison, my default assumptions for fuel consumption improvements alone, and alternative

powertrain and fuel penetration alone reduce cumulative emissions by 6.5 Gt CO2 eq. (11%), and 2.1

Gt CO 2 eq. (3.4%) respectively. The more aggressive EV penetration case provides larger reductions

(6.5 Gt CO2 eq. or 12%). However, the reductions due to alternative powertrain penetration are not

expected to be substantial before 2030, even in the more aggressive case. This means that while a

high penetration of alternative powertrains drastically decreases the 
eet GHG emissions, conventional

vehicles continue to play a major role in the transportation sector in the near- to mid-term. During

this period, lightweighting is an e�ective strategy to decrease the 
eet GHG emissions. In the longer

term, other lightweight materials, such as magnesium (Dubreuil et al., 2012) or carbon �ber-reinforced

polymers (Das, 2011), could provide higher substitution ratios and weight savings, but their wide-scale

adoption is currently limited because of their high energy intensities and costs.

I outline substantial interactions between fuel consumption improvements, alternative powertrain

penetration and lightweighting to reduce the 
eet GHG emissions. Estimating the GHG emission

changes associated with speci�c measures depends on the order in which the measures are modeled

and implemented (Figure A.21). No matter the modeling or implementation order, all three options

reduce the 
eet GHG emissions but their contributions vary considerably. From the best to the worst

ordering, cumulative GHG emission reduction potentials over the period 2016-2050 range from 2.8% to

3.4% for alternative powertrain penetration, from 5.6% to 6.1% for Aluminum Maximum lightweighting,

and from 10% to 11% for fuel consumption improvements. This raises the important question of the

most cost-e�ective way to reduce the 
eet GHG emissions, which is left for future work.

3.5.3 Caveats and Limitations

Some important model limitations include the lack of detailed consideration of vehicle attributes such

as acceleration time or engine power and of the interconnections between lightweighting and vehicle

attributes. For example, weight savings from lightweighting may not be used solely for fuel savings but

also to enhance the vehicle horsepower (Cheah et al., 2008). In addition, I did not consider economic
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costs in the lightweighting implementation. For example, economic competition between lightweighting

and EVs is not thoroughly assessed as lightweighting can also increase the range of EVs and therefore

in
uence the penetration of alternative vehicles. A consumer choice model could be embodied in the

current modeling to study this e�ect. Finally, the fuel consumption improvement measures implemented

in the model are based on the AEO 2018 projections (2018). As CAFE standards are still in place at the

time of writing, manufacturers aim to reach the CAFE standards for their 
eet, and fuel consumption

improvements are expected. However, the exact set of measures that will be implemented by manufac-

turers is unknown. More importantly, some of these measures need to be assessed with LCA to ensure

overall reductions in GHG emissions. For example, gasoline direct injection (GDI) have replaced port

fuel injection as fuel delivery systems in almost 50% of the U.S. model year 2017 gasoline vehicles (U.S.

Environmental Protection Agency, 2019b). GDI systems allow for higher compression ratios and lower

fuel consumption, and help manufacturers meet their CAFE standard targets. However, they imply sub-

stantial increases in exhaust particulate matter emissions such as black carbon, a climate forcing agent

(Zimmerman et al., 2016). Therefore, the decrease in fuel consumption and associated CO2 emissions of

GDI systems needs to be larger than the increase in exhaust black carbon emissions to ensure reductions

in global warming intensity.

3.5.4 Lightweighting: How and When?

The major contribution of this paper is the enhancement of 
eet-based models to tackle more complex

and challenging questions related to the temporal deployment of lightweighting from a GHG emissions

perspective. I develop multiple lightweighting scenarios for conventional and alternative vehicles, and

consider the e�ects of technological improvements on the fuel reductions from lightweighting.

I show that lightweighting using high-strength steel or aluminum is likely to provide 
eet GHG emis-

sion reductions. The choice of aluminum as the lightweighting material could achieve deeper reductions

than HSS with the same initial replacement rates. In addition, a more aggressive lightweighting scenario

would lead to larger GHG emission reductions. I also determine that focusing lightweighting solely or

primarily on conventional vehicles is a satisfactory strategy in terms of GHG emission reductions.

Finally, I show that the timing of lightweighting matters. My simulations always suggest that the

optimal e�ects of lightweighting are achieved when the adoption of lightweighted design occur as soon

as possible. In an increasingly more e�cient 
eet, equivalent material substitution and weight savings

o�er lower fuel use reductions. Furthermore, lightweighting the LDV 
eet with aggressive adoption rates

provide more rapid and deeper GHG emission reductions.

Lightweighting U.S. LDVs is not a stand-alone measure to decrease the 
eet life cycle GHG emis-

sions but is an e�ective option in the near-term that could provide important savings while the 
eet is

dominated by conventional vehicles.
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WTW GHG Emission Implications

of Mid-Level Ethanol Blend

Deployment in Canada's LDV Fleet

This chapter is based on Milovano� et al. (2020c).

4.1 Chapter Overview

Replacing conventional gasoline with mid-level ethanol blends (15-30% ethanol by volume) can reduce

fossil fuel use and GHG emissions but require vehicle compatibility. This study quanti�es the changes in

fuel volumes and WTW GHG emissions associated with potential mid-level ethanol blend deployment

in Canada's LDV 
eet from 2018 to 2030. I develop a Canadian 
eet model that projects the number of

vehicles by vehicle technology and production year from 2015 to 2030, their fuel blend compatibilities, and

their annual fuel use, considering the potential e�ects of ethanol blend level on vehicle fuel consumption

and associated GHG emissions. The results show that the deployment of low and mid-level ethanol

blends, such as E10, E15 or E25, could reduce petroleum gasoline use by 12% in 2030, while tripling

ethanol use, from 2.6 to 7.2 billion liters annually. Incorporating emission factors from the GHGenius

model suggests that mid-level blends can reduce 
eet WTW GHG emissions in 2030 by 7.2% assuming

the use of corn and wheat ethanol, and by up to 13.4% assuming cellulosic ethanol. The octane enhancing

e�ect of ethanol is responsible for up to 30% of the reductions. Achieving the above reductions would

require coordination among vehicle manufacturers, re�ners and policymakers. Overall, mid-level blends

can materially reduce GHG emissions of the Canadian LDV 
eet, but represent less than 1/5 of the

reductions required for the LDV 
eet to achieve emissions that are 30% below 2005 levels (Canada's

pledge under the Paris Agreement).

4.2 Introduction

In 2017, Canada's LDV 
eet was comprised of 24 million vehicles, used 37 billion liters of petroleum-

based gasoline and emitted 83 Mt CO2 eq. or 11% of Canada's GHG emissions (Statistics Canada, 2018b,
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2020; Environment and Climate Change Canada, 2019b). Biofuels, such as ethanol, can substitute for

petroleum fuels in LDVs to reduce the dependence on petroleum products (Campbell et al., 2016) and

make progress toward environmental goals such as reducing GHG emissions (Farrell et al., 2006; Scown

et al., 2013; Kromer et al., 2009; Melaina and Webster, 2011). Despite an aggressive federal EV strategy

that aims for 100% of new vehicle sales to be electric or hydrogen powered by 2040 (Transport Canada,

2019), such vehicles currently command a negligible market share in Canada (i.e., 2.2% of new vehicles

were electric in 2018 (Canada EV Sales, 2019)). In contrast ethanol represents a more mature fuel:

Canada consumed 3.1 billion liters of ethanol as biofuels in 2017 (Wolinetz et al., 2019) or 6.6% of

gasoline blends by volume (Danielson, 2018). Thus, while EVs are a promising alternative to petroleum

vehicles, it is possible for ethanol to play a key transitional role, and potentially help Canada narrow

the existing gap (Environment and Climate Change Canada, 2017) between its GHG emission reduction

targets and currently announced measures.

Results from a prominent Canadian LCA model (GHGenius) report the average domestic WTW

GHG emission intensities of gasoline and ethanol from corn as 98.4 and 54.8 g CO2 eq./MJ, respectively

in 2015 ((S&T)2 Consultants Inc., 2015). Some Canadian studies of cellulosic ethanol have reported

WTW GHG emission intensities in the range of 14 to 30 g CO2 eq./MJ (Spatari et al., 2005; MacLean

and Spatari, 2009). However, ethanol is not a perfect substitute for gasoline and the di�erence in GHG

emission intensities between ethanol and gasoline does not consider the di�erent physical attributes of

both fuels that a�ect their use in vehicles, such as energy density, the higher octane rating of ethanol,

or consumer preferences (Campbell et al., 2016).

As a vehicle fuel, ethanol is primarily used as a gasoline additive to enhance octane rating and as

an oxygenate (Agarwal, 2007). In Canada, ethanol is usually blended at 10% with gasoline (i.e., E10 is

comprised of 10% ethanol and 90% gasoline by volume), where blending facilities exist (Danielson, 2018).

The volume of ethanol that can be blended in gasoline and used in conventional internal combustion

engine vehicles is limited due to the distinct physical and chemical properties of the fuels (Campbell

et al., 2016). All internal combustion engine light-duty gasoline vehicles in Canada are approved to

operate on E10 blends and 
ex fuel vehicles (FFV) can operate on blends up to E85 (i.e., 85% ethanol

and 15% gasoline by volume). In the U.S. in 2011, the Environmental Protection Agency (EPA) granted

waivers for E15 blends for use in Model Year 2001 and newer LDVs (U.S. Environmental Protection

Agency, 2011). Automakers approved the use of E15 blends for more than 93% of the U.S. Model Year

2019 LDVs (Renewable Fuels Association, 2018). In Canada, at the time of writing, the standards for

gasoline containing ethanol were for E1 to E10 blends (Canadian General Standards Board, 2016) and

for E50 to E85 blends (Canadian General Standards Board, 2014) (the latter for FFVs); the Government

of Canada was reviewing the standards to include blends up to E15 (Clayton et al., 2018). There is

therefore a maximum volume of ethanol that can be blended into gasoline pools, commonly referred

to as an ethanol blend wall. It is important to note that the ethanol blend wall may depend not only

on the vehicle compatibility or the fuel mandates, but also on the willingness of the refuelling stations

to provide higher ethanol level fuel blends (Lade et al., 2018). For the remainder of the chapter, I

de�ne \ethanol blend wall" as the maximum level at which ethanol can be blended into gasoline at the


eet level. The ethanol blend wall is based on vehicle compatibility and includes considerations related

to engine technology, vehicle approvals related to ethanol blend use, and fuel regulations. Canada is

currently far from reaching its ethanol blend wall (Campbell et al., 2016) but the growing interest in

deploying higher ethanol content blends and new fuel regulations require a good understanding of the
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potential Canadian ethanol blend levels (and blend walls) in the years to come (Lade et al., 2018).

Various Canadian federal and provincial policies encourage the use of ethanol for fuel, most notably

renewable fuel mandates, and GHG emission intensity standards. Renewable fuel mandates oblige fuel

producers and importers to provide minimum volumes of renewable fuel, ranging from 5% of gasoline by

volume federally (Government of Canada, 2010) up to 8.5% (ethanol speci�cally) in Manitoba (Manitoba

Department of Innovation, 2007). GHG emission intensity standards require a reduction in average

life cycle GHG emissions from fuels; they include the Renewable and Low Carbon Fuel Requirements

Regulation in British Columbia (Government of British Columbia, 2008) and the federal Clean Fuel

Standard (CFS) (Environment and Climate Change Canada, 2019a), which comes into force in 2022.

The CFS was developed explicitly to contribute toward Canada's pledge to reduce its GHG emissions

by 30% below 2005 levels in 2030 under the United Nations Framework Convention on Climate Change

(UNFCCC) (Environment and Climate Change Canada, 2017); as such the potential contribution of

ethanol toward this GHG emission reduction goal is a key focus of this chapter. Greater use of ethanol

may also facilitate progress toward other policies such Canada's increasingly stringent fuel consumption

and GHG emission standards for LDV 
eets (Government of Canada, 2018).

In addition to its lower GHG emission intensity (per MJ fuel), ethanol also acts as an octane enhancer,

with an Anti-Knock Index (AKI) of 99 compared with 87-88 for regular grade gasoline (Anderson et al.,

2012). Increasing the ethanol content of a gasoline blend increases its octane rating, if the base gasoline

blendstock grade is not decreased (Leone et al., 2015). Higher octane, allows for higher compression

ratios which could improve fuel consumption (Leone et al., 2015; Speth et al., 2014; Wang et al., 2017;

Yuan et al., 2019; West et al., 2018), further contributing toward GHG emission reduction goals. One

pathway to increase ethanol volumes is to develop mid-level blends, blends with more than 15% but less

than 30% of ethanol by volume (Anderson et al., 2012). Such blends are already being used in some

jurisdictions, such as Brazil (Global Agricultural Information Network (GAIN) Report, 2018), and are

a viable option to obtain high octane number fuels (HOFs). Some studies assessed the environmental,

technical and economic impacts of deploying HOFs, including mid-level ethanol blends, in the U.S. LDV


eet (Argonne National Laboratory, 2015; Anderson et al., 2012; Speth et al., 2014; Johnson et al.,

2015; Theiss et al., 2016). For example, Anderson et al. (2012) estimated that E30 blend deployment

in the U.S. could increase research octane numbers of gasoline blends from 92.5 to 98.6 and improve the

e�ciency of vehicles by up to 5%. An Oak Ridge National Laboratory study estimated WTW GHG

emission reductions of 10% and up to 16% in vehicles using E25 derived from corn ethanol and from corn

stover, respectively, compared to vehicles using E10 (Theiss et al., 2016). Speth et al. (2014) assessed

the economic and environmental bene�ts of HOF deployment in the U.S. LDV 
eet from 2011 to 2040.

They concluded that mid-level blends, such as E15 and E20, are major enablers in producing HOF and

could reduce the annual GHG emissions of the U.S. LDV 
eet by up to 49 Mt CO2 eq. in 2040, or

6.6%. Argonne National Laboratory (2015) assessed the WTW GHG emission changes due to HOF

deployment in the U.S. and found that E25 could provide up to 10% WTW GHG emission reductions

with corn ethanol or up to 17% with corn stover ethanol compared to an E10 gasoline vehicle. When

modelled at the 
eet level, E25 blend deployment was estimated to have the potential to reduce WTW

GHG emissions of the gasoline LDV 
eet by 10% by 2030. Among the reviewed studies, two (Argonne

National Laboratory, 2015; Speth et al., 2014) included a 
eet perspective and noted the importance of

considering the turnover of the vehicles in a 
eet when studying the deployment of HOF, especially to

quantify the ethanol blend wall. As higher ethanol content blends require the deployment of compatible
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vehicles, the deployment of mid-level blends is dependent on 
eet compatibility, ethanol availability and

regulatory permission. To my knowledge, no study has estimated the e�ects of midlevel ethanol blends

on energy use and GHG emissions of the Canadian LDV 
eet.

Motivated by the pressing global need to address climate change, the considerable contribution of

transportation-related GHG emissions and aligned with Canadian policy frameworks (Government of

Canada, 2016), there is a need to investigate the potential deployment of mid-level ethanol blends in

Canada. A model of the Canadian LDV 
eet is developed in this chapter to examine the e�ects of

mid-level ethanol blend deployment on gasoline and ethanol volumes and GHG emissions by 2030. The

objectives of the study are to:

ˆ Explore the potential penetration of midlevel ethanol blends in Canada's LDV 
eet to 2030 and

quantify implications for ethanol and gasoline volumes;

ˆ Estimate the associated changes in WTW GHG emissions of the LDV 
eet to 2030 under several

mid-level ethanol blend scenarios;

ˆ Provide insights on the potential role of ethanol to achieve policy goals for GHG emission reduc-

tions, such as the Canadian GHG emission reduction pledged to the UNFCCC of 30% below 2005

levels

In the subsequent sections, the method is described (section 4.3), some key results are discussed

(section 4.4), and the role and challenges of ethanol in the Canadian context are examined (section 4.5).

Additional details and results can be found in appendix B.

4.3 Methods

Due to the lack of a publicly available LDV 
eet model in Canada, I develop a LDV 
eet model, derived

from the FLAME model (chapter 3), that projects the number of vehicles by vehicle technology and

production year from 2015 to 2030, and their fuel compatibilities. The model then estimates the annual

fuel use by fuel blend considering the potential e�ects of ethanol level on vehicle fuel consumption,

assuming calibration. Finally, the associated WTW GHG emissions of the Canadian LDV 
eet on an

annual basis to 2030 are calculated and compared with GHG emission reduction targets. Figure 4.1

presents an overview of the methods including the inputs, intermediate results and �nal outputs.

4.3.1 Canadian LDV Fleet Stock

Projected 
eet stock by vehicle technology and age

A model of the Canadian LDV 
eet is simulated from 2015 to 2030. It calculates the annual stock of

LDVs by vehicle model year for �ve vehicle technologies: battery electric vehicles (BEV), plug-in hybrid

electric vehicles (PHEV), hybrid electric vehicles (HEV), and internal combustion engine vehicles that

use gasoline (ICEV-G) or that use diesel (ICEV-D). The equation of 
eet turnover is similar to equation

3.1 presented in chapter 3.

The 
eet model is initiated with 2014 on-road stock data from IHS Polk and DesRosiers (IHS Polk

and DesRosiers Auto Consultants, 2015), then updated annually from 2015 to 2030 based on estimates

of the total LDV 
eet stock, estimates of scrapped vehicles and technology market shares for new vehicle
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Figure 4.1: Method overview

sales. Estimates of total LDVs are based on the projected Canadian population (United Nations, 2018)

and car-ownership rates (Statistics Canada, 2020, 2018a), and estimates of annual scrapped vehicles come

from survival rate distributions (Statistics Canada, 2009b). Finally, in the absence of publicly available

projections of prospective technology market shares for the Canadian LDV 
eet, I use the reference

scenario of the Annual Energy Outlook (AEO) 2019 as an initial estimate (U.S. Energy Information

Administration, 2019) and make minor adjustments to account for di�erences in current BEV, PHEV

and ICEV-D market shares between the U.S. and Canada (see section B.1.1 for more details). The AEO

scenarios project a market share of BEVs and PHEVs in new vehicles between 11% and 18% in 2030,

but do not consider the ambitious Canada-wide objective for 100% of new LDVs to be zero emission

vehicles (i.e., EVs, hydrogen fuel cell vehicles) by 2040 (Transport Canada, 2019). I therefore simulate

a case of high deployment of EVs in Canada following the ambitious objective. This case is presented in

the appendix (see section B.2.2 for more details and results) and discussed in section 4.5 of this paper.

Market shares of internal combustion engine vehicles by ethanol blend compatibility

The central focus of the study is on gasoline/ethanol fuel blends and �ve gasoline blends are considered:

E5, E10, E15, E25 and E85. By de�nition, \Ex" blend (e.g., E10) is a blend with x% by volume (e.g.,

10%) ethanol and (100-x)% (e.g., 90%) gasoline. However, not all vehicles that use gasoline (i.e., HEV,

PHEV, and ICEV-G) can use E15, E25 or E85. Therefore, I estimate the shares of vehicles that can use

the blends for E10, E15, E25 and E85 in Canada from 2015 to 2030, as described below.

In 2018, all vehicles that use gasoline in Canada (and new vehicles sold) are approved to operate

on E10 and 
ex-fuel vehicles can operate on blends up to E85. I determine the annual shares of new

E15 compatible vehicles historically from the share of E15 compatible vehicles by manufacturer and the

manufacturer's market share. Along with 
ex-fuel vehicles, which can use E15, automakers recently
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approved the use of E15 blends for more than 93% of the U.S. Model Year 2019 LDVs (Renewable Fuels

Association, 2018) and Canadian warranties are generally consistent with U.S. warranties (Clayton et al.,

2018). Therefore, this ratio is assumed to hold for the Canadian LDV 
eet. In addition, the 
eet model

base scenario assumes that 100% of the Model Year 2020 vehicles and those of future model years will

be E15 blend compatible. Regarding E25 compatible vehicles, in the U.S., one manufacturer (i.e., Mini)

approved the use of E25 blends in 2019 Model Year LDVs, corresponding to around 0.3% of the model

year vehicles (Renewable Fuels Association, 2018). Generally, manufacturers are favorable to E25 blends

as they could support advanced internal combustion engine technologies to meet GHG emission standards

(Clayton et al., 2018) but information on a potential timing of E25 compatible vehicle deployment and

appropriate waivers were not found. I therefore created three scenarios on the deployment of E25

compatible vehicles: In the E25-Default scenario, E25 compatible vehicles are introduced in 2020, and

follow the historical trend from E15 vehicles, with a linear increase in compatibility share until reaching

full penetration in 2030. In the E25-Slow scenario, E25 compatible vehicles start penetrating in 2025

and achieve 50% of ICEV-G market share by 2030 and in the E25-Fast scenario, an initial penetration

in 2020 and full ICEV-G market share by 2025. Finally, I assume the E85 compatible vehicle market

share of the AEO 2019 projections, with a relatively stable market share in new vehicle sales of 9% of

conventional vehicles from 2019 to 2050.

Canadian LDV 
eet fuel use

The annual volumes of gasoline and ethanol used by the Canadian LDV 
eet are calculated from the

annual vehicle kilometres traveled (VKT) and vehicle fuel consumption. I develop four scenarios re-

garding ethanol deployment and modify the vehicle fuel consumption based on the fuel blend shares. A

bottom-up approach with real-world driving adjustment factors is applied to represent the di�erence in

fuel use between real-world driving and laboratory testing.

Fleet kilometers traveled The annual 
eet kilometers traveled correspond to the total annual dis-

tance traveled by all LDVs. Annual VKT distributions by age for a typical Canadian LDV are derived

from Statistics Canada (2009b). It is important to note that the distributions are derived from surveys

conducted 10 years ago but are the most recent available. I then use the stock of LDVs to calculate the

kilometers traveled by vehicle technology and production year.

Vehicle fuel consumption There is a lack of publicly available sales-weighted average fuel con-

sumption data in Canada. Therefore, I consider the sales-weighed average fuel consumption ratings of

conventional LDVs in Ontario from 1984 to 2016 based on data from Ministry of Transportation On-

tario (2017), together with the vehicle fuel consumption ratings provided by the Government of Canada

(2018). While there are some di�erences in vehicle populations among the Canadian provinces, Ontario

represented 35% of Canada's LDV 
eet in 2017 (Statistics Canada, 2020) and as data are not available

for the other provinces, the Ontario data are used. The combined city/highway and adjusted fuel con-

sumption ratings are based on standardized testing procedures of the U.S. Environmental Protection

Agency (U.S. Environmental Protection Agency, 2016).

The fuel consumption data for future vehicles are estimated by considering technological vehicle

improvements from historical trends. By default, a fuel consumption improvement rate of 1.5% for

model year vehicles from 2016 to 2030 is assumed. This value comes from the 2012-2016 historical
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trends. Indeed, fuel consumption of new LDVs from 2012 to 2025 are regulated under the Passenger

Automobile and Light Truck Greenhouse Gas Emission Regulations (Government of Canada, 2018), and

it is assumed that the 2012-2016 historical trend will hold from 2016 to 2030. Model sensitivity to

this parameter is assessed by simulating respective improvement rates of 1% and 2%. The average fuel

consumption values of ICEV-G are 9.4 L/100km for Model Year 2015 ICEV-Gs and 7.9 L/100km for

Model Year 2030 vehicles. I also estimate the fuel consumption of the other vehicle technologies (e.g.,

BEVs, PHEVs, ICEV-D) from speci�c vehicle models and various sources (see section B.1.2 for more

details).

The reference fuel consumption values of the ICEVs-G, HEVs and PHEVs assume E5 fuel blends.

Blend-speci�c fuel consumption values for higher-level ethanol blends are calculated from the reference

fuel consumption adjusted to re
ect the energy content of the fuel blend and the potential increase in

thermodynamic e�ciency due to higher octane ratings and engine calibration (Leone et al., 2015; Wang

et al., 2017; West et al., 2018; Yuan et al., 2019). The energy contents of the fuel blends are calculated

based on lower heating values of 31 MJ/L and 21 MJ/L for gasoline and ethanol, respectively ((S&T)2

Consultants Inc., 2018). The e�ects of higher ethanol blends on engine operating e�ciency are derived

from Geringer at al. (2014), and are consistent with other studies (Leone et al., 2015; West et al., 2018).

Equation 4.1 presents the adjustment procedure.

FCt;Ex = FCt;E 5 �
� t;E 5

� t;Ex
�

LHV E 5

LHV Ex
(4.1)

with FCt;Ex the fuel consumption of technologyt (i.e., ICEV-G, HEV, PHEV) on the fuel blend Ex

(i.e., E5, E10, E15, E25 and E85) in L/100km, � t;Ex the engine e�ciency of technology t on the fuel

blend Ex , LHV Ex the lower heating value of the blendEx in MJ/L. In this equation, as in the chapter,

E5 is the reference blend fuel.

The calculations show that vehicles that use E25 (E25 or E85 compatible vehicles) have a 4% increase

in engine e�ciency and a 2.8% increase in their volumetric fuel consumption compared to vehicles that

use E5. But, if engines are not appropriately optimized, or if the octane enhancing e�ect of ethanol is only

used to compensate for lower gasoline blendstock grade, the bene�ts of ethanol levels on existing vehicles

are less certain, especially for low-level blends (Yan et al., 2013). The contribution of thermodynamic

e�ciency improvements to ethanol bene�ts is therefore estimated by simulating an additional case with

no e�ciency improvements due to ethanol level and comparing it with the default simulations.

Ethanol blend scenarios In 2018, the market penetration of ethanol in the gasoline pool in Canada

was 6.6% by volume, equivalent to the 2017 level (Danielson, 2018), and is assumed to be similar in 2019.

I develop �ve scenarios regarding the deployment of low and mid-level blends in the Canadian LDV 
eet

from 2020 to 2030, summarized in Table 4.1. In the Constant Scenario, a constant ethanol content of

6.6% is assumed from 2020 to 2030. In this baseline scenario, no other blends penetrate the market. In

the E10 Deployment Scenario, all vehicles use exclusively E10 starting in 2020 and continuing until 2030.

In the E15 Deployment Scenario, all E15 compatible vehicles use E15 exclusively (i.e., E15, E25 and

E85 compatible vehicles), and all others exclusively use E10 from 2020 to 2030. In the E25 Deployment

Scenario, all E25 compatible vehicles exclusively use E25 (i.e., E25 and E85 compatible vehicles), E15

compatible vehicles exclusively use E15, and all others exclusively use E10 from 2020 to 2030. Finally,

in the Ethanol blend wall Deployment scenario, the ethanol blend wall in the gasoline pool is calculated
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by assuming that all vehicles use their maximal blend compatibility. For instance, 
ex fuel vehicles use

exclusively E85. This last scenario represents an extreme case of deployment for ethanol in the Canadian


eet from 2020 to 2030.

Real-world driving adjustment factors Vehicle fuel consumption for real-world driving is often

higher than fuel consumption derived from certi�cation tests. Reasons could include aggressive driving

with frequent acceleration and braking, excessive idling, non-optimal environment for engines (e.g., cold

weather generally reduces engine e�ciency), heavy load, air conditioning, or mountainous terrain (U.S.

Department of Energy, 2020). I adjust the estimated fuel volumes with real-world driving adjustment

factors. Based on data between 2014 and 2017, I calculate the adjustment factor as the ratio of theoretical

fuel use, estimated from vehicle fuel consumption ratings, to total gasoline volumes used by the Canadian

LDV 
eet (Statistics Canada, 2018b; Environment and Climate Change Canada, 2019b). The calculated

adjustment factors vary between 3.5% and 8.7%. From 2017 onwards, a real-world driving adjustment

factor of 1.087 (an 8.7% increase in fuel use) is used based on the 2017 calculations. This value is lower

than values found in the literature (e.g., between +10% and +35% degradation in CO2 emissions for a

study in Europe (Element Energy Limited, 2015); between +17% to 40% in fuel consumption for the

U.S. EPA (U.S. Environmental Protection Agency, 2019b)). One of the key reasons for this low value

comes from the lack of publicly available sales-weighted average fuel consumption data in Canada. In

this study, I estimate the average sales-weighted vehicle fuel consumption in Canada from Ontario data,

and my estimates may not be representative of national averages. Thus, while the 8.7% adjustment

factor may not directly represent di�erences between real-world driving and fuel consumption ratings,

it does correctly predict current total gasoline consumption.

4.3.2 Canadian LDV Fleet WTW GHG Emissions

The WTW GHG emissions of the Canadian LDV 
eet from 2015 to 2030 are calculated using emission

factors for conventional ethanol, cellulosic ethanol and gasoline from GHGenius v5.0a (2018), the most

comprehensive WTW model of transportation fuels/vehicles in Canada at the time of writing. Only

direct emissions (those associated with production and use/combustion of the fuel) are included, and

not the potential indirect emissions such as those associated with indirect land use change. I create three

ethanol feedstock scenarios. In the default Corn/Wheat scenario, 85% of ethanol is produced from corn

and 15% from wheat. The WTW GHG emission factors for ethanol based on LHV for the base scenario

are 50.4 g CO2 eq. per MJ in 2018 and 43.4 g CO2 eq. per MJ in 2030. Then, the Switchgrass scenario

and Corn stover scenario estimate the WTW GHG emission impact resulting from full deployment of

cellulosic ethanol from switchgrass (a dedicated energy crop - WTW GHG emission factor of 19.1 g CO2
eq. per MJ in 2030) and from corn stover (residue left over after the corn grain has been harvested -

WTW GHG emission factor of 0.3 g CO2 eq. per MJ in 2030). The WTW GHG emission factors for

gasoline blendstock based on LHV are 96 g CO2 eq. per MJ in 2018 and 95 g CO2 eq. per MJ in 2030

(see section B.1.3 for more details).

Equation 4.2 presents the procedure to calculate the annual WTW GHG emissions of the Canadian
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LDV 
eet from 2018 to 2030.

Ey =
X

t

X

a

X

f

X

Ex

Stocky;t;a � V KTa � BSy;t;a;Ex � FCy;t;a;Ex � AF � FSf;Ex � LHV f � EFy;f (4.2)

With Ey the WTW GHG emissions at year y in kg CO2 eq., Stocky;t;a the stock of vehicles of

technology t and agea, V KTa the annual VKT in km, BSy;t;a;Ex the share of vehicles using the blend

Ex depending on their blend compatibility and the ethanol blend scenarios (note:
P

Ex BSy;t;a;Ex = 1),

FCy;t;a;Ex the vehicle fuel consumption in L/km, AF the real-world driving adjustment factor of 1.087,

FSf;Ex the share of fuel f in the blend (note: 1 � x=100 if f is gasoline, andx=100 if f is ethanol),

LHV f the lower heating value of the fuel in MJ/L, and EFy;f the WTW GHG emission factors from

GHGenius in kg CO2 eq./MJ.

Finally, the calculated WTW GHG emissions are compared with a potential target for the Canadian

LDV 
eet in 2030. The Canadian government pledged to the UNFCCC (Environment and Climate

Change Canada, 2017) to reduce by 30% its GHG emissions below 2005 levels, without sectoral targets.

Assuming it would apply equally to all sectors, a target of 30% reduction below 2005 levels, or 28%

below 2015 levels, is used for the LDV 
eet.

Table 4.1: Summary of scenario and sensitivity analyses

E25 compatible vehicle deployment scenarios:

E25-Slow
E25 compatible vehicles �rst introduced in 2025 and 50% of new ICEV-G by
2030 with linear interpolations

E25-Default
E25 compatible vehicles �rst introduced in 2020 and 100% of new ICEV-G by
2030 with linear interpolations

E25-Fast
E25 compatible vehicles �rst introduced in 2020 and 100% of new ICEV-G by
2025 with linear interpolations

Ethanol/Gasoline blend deployment scenarios:
Constant Constant ethanol content of 6.6% from 2020 to 2030
E10 All vehicles use exclusively E10 starting in 2020 and continuing until 2030

E15
All E15 compatible vehicles (i.e., E15, E25 and E85 compatible vehicles) use
exclusively E15, and all others exclusively E10 from 2020 to 2030

E25
All E25 compatible vehicles (i.e., E25 and E85 compatible vehicles) use exclu-
sively E25, E15 compatible vehicles use exclusively E15, and all others exclu-
sively E10 from 2020 to 2030

Ethanol blend wall
All vehicles use their maximal fuel blend compatibility (e.g., 
ex fuel vehicles
use E85)

Ethanol feedstock scenarios:
Corn/Wheat 85% ethanol from corn and 15% from wheat
Switchgrass 100% cellulosic ethanol from switchgrass
Corn stover 100% cellulosic ethanol from corn stover

Parameters in-
cluded in the
sensitivity analy-
ses:

2019-2030 vehicle ownership rates, Canadian population, technology market
shares, E15 market share, survival rate distribution, annual vehicle kilometres
travelled distribution, technological improvements, real-world driving adjust-
ment factors.
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4.3.3 Sensitivity Analysis

Sensitivity analyses are performed on key modelling parameters (see appendix B.1.4 for a list of all

parameters, with scenario names, descriptions and sources). The sensitivity analyses consist of, �rst,

single-factor analyses that vary one parameter at a time while keeping other variables constant at default

values. Then, multi-factor analyses are performed with the bounding cases of each of the parameters

to outline the bounding cases of the modelling results. Appendix B contains the detailed results of the

single-factor analyses, with the appropriate parameter descriptions.

Table 4.1 summarizes the di�erent scenarios presented in the results and a list of parameters included

in the sensitivity analyses.

4.4 Results and Discussion

The results section is organized by �rst showing the prospective Canadian LDV 
eet stock up to 2030

by vehicle technology and blend compatibility, then the resulting fuel use of the ethanol deployment

scenarios, and the associated WTW GHG emissions. Finally, the results are compared with the Canadian

pledge to UNFCCC for GHG emissions reductions for 2030 and the potential role of ethanol to make

progress in meeting the target is discussed.

4.4.1 Canadian LDV Fleet Stock

The Canadian LDV 
eet will be largely dominated by internal combustion engine vehicles in the next

decades. The Canadian total LDV 
eet stock could reach 27.1 million vehicles in 2030 (an increase of

18% compared to 2018) (Figure 4.2a). In the bounding cases of the multi-factor sensitivity analyses

(error bars in the �gures), the total LDV 
eet stock values range from 25.6 to 28.6 million vehicles,

and are highly sensitive to the prospective Canadian population and future vehicle ownership rates (see

section B.2.1 for more details). Internal combustion engine vehicles using gasoline (ICEV-G) represented

95% of the LDVs in Canada in 2018, or 21.8 million vehicles, and could represent 88% of the 
eet in 2030,

or 23.9 million vehicles (Figure 4.2a). Without an ambitious EV strategy, they would still be expected

to have an increasing market share of new vehicles (from 2.2% in 2018 to 9% in 2030). The time required

for turnover of the LDVs would limit their deployment in the 
eet, and plug-in EVs would constitute

1.4 million on-road vehicles, or 5.2% of the on-road stock in 2030 (compared to around 81,000 on-road

vehicles or 0.35% of on-road stock in 2018). It is important to note that scenarios of some technologies

with high disruption potential are not explored, such as automated vehicles (Wadud et al., 2016), and

the presented projections assume no fundamental changes in the way Canadians possess and use their

vehicles.

The ethanol blend compatibility of the Canadian LDV 
eet will, on average, increase in the future.

Among the stock of on-road ICEV-Gs, 74% could be E15 blend compatible in 2025 (or 17.2 million

vehicles) and up to 90% in 2030 (Figure 4.2b). Given the lack of information on E25 compatible vehicles,

three scenarios for E25 vehicle deployment (as presented in Figure 4.2b by E25-Fast, E25-Default and

E25-slow and described in section 4.3) are explored. If manufacturers and regulations promote E25

compatibility at the same pace as E15 compatibility (i.e., E25-default scenario), 46% of the ICEVs-G

stock (or 11.1 million vehicles) could be E25 compatible by 2030. A fast deployment at twice the pace

of E15 compatibility (i.e., E25-fast scenario) could result in 61% of the 2030 ICEVs-G stock being E25
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Figure 4.2: a) Projected Canadian LDV 
eet stocks in 2018, 2025 and 2030 by technology. b) Fleet
stock of ICEV-G by blend compatibility in 2025 and 2030 with three E25 vehicle deployment scenarios

compatible (or 14.6 million vehicles). It is important to note that E85 blend compatible vehicles (
ex

fuel vehicles) are assumed to represent a constant 10% of the on-road ICEVs-G stock from 2018 to 2030

(2.1 and 2.4 million vehicles in 2018 and 2030, respectively). Flex fuel vehicles had a spike in sales

around 2010 due to the Passenger Automobile and Light Truck Greenhouse Gas Emission Regulations

(Government of Canada, 2018), which stimulated manufacturers to sell 
ex fuel vehicles through 
eet

credits.

4.4.2 LDV Fleet Fuel Use

The volume of petroleum-based gasoline used could be reduced by 4.2 billion liters (12% reduction)

and ethanol volume increased by 4.8 billion liters (196% increase) in 2030 with the deployment of low

and mid-level blends in the Canadian LDV 
eet (i.e., E25 deployment scenario in Figure 4.3). Given

the increase in Canadian LDV 
eet stock and distance travelled and the improvements in vehicle fuel

consumption, I estimate the total fuel used by the Canadian LDV 
eet to stay relatively stable between

2018 to 2030, assuming no changes to ethanol content (i.e., Constant Deployment scenario in Figure 4.3).

The bounding cases of the multi-factor sensitivity analyses (error bars in Figure 4.3) show that fuel use

is highly sensitive to the LDV 
eet stock, and the fuel consumption of future vehicles (see section B.2.1

for more details). Thus, the lower estimates result from a stable Canadian LDV 
eet stock and high

improvements in vehicle fuel consumption ratings, and the upper estimates result from an increasing

LDV 
eet stock and no changes to vehicle fuel consumption ratings.

Even by 2020, the complete deployment of E10 blends (E10 deployment scenario) is projected to result

in considerable changes to ethanol and gasoline volumes: a reduction of 1.2 billion liters of gasoline (3%

reduction) and an increase of 1.4 billion liters of ethanol (34% increase), as all on-road vehicles are
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Figure 4.3: Projected annual a) gasoline and b) ethanol use of the Canadian LDV 
eet in 2020, 2025
and 2030 by blend deployment scenario.

currently E10 compatible. With almost half of ICEVs-Gs being E15 blend compatible in 2020, the

deployment of E15 blends (E15 deployment scenario) on top of the complete deployment of E10 could

increase the ethanol volumes by 1 billion liters (+25%) and 1.7 billion liters (+46%) in 2020 and 2030,

respectively. Finally, the deployment of E25 blends (E25 deployment scenario) on top of the E10 and

E15 blend deployment could increase the ethanol volumes used by the Canadian LDV 
eet to 7.2 billion

liters in 2030, or 2.8 times the 2018 ethanol volume used by the LDV 
eet. A wide range of values are

estimated for fuel volumes in the case of the E25 deployment scenario as the analysis includes the three

E25 compatible vehicle deployment scenarios previously described in Figure 4.2b, in addition to the

multi-factor sensitivity analyses. In the case of fast deployment of E25 compatible vehicles, the ethanol

volume could reach 9.7 billion liters and gasoline volume 24.4 billion liters in 2030, corresponding to

289% and 72% of the 2018 volumes, respectively.

The ethanol blend wall for the Canadian LDV 
eet is 8.6 billion liters in 2018, increasing to 10 billion

liters in 2030. Among the 8.6 billion liters, FFVs potential consumption could represent 4.1 billion liters

with their E85 compatibility, and E10 compatible vehicles the rest. Due to the lack of E85 fuelling

stations and the low federal ethanol mandates (i.e., at 5%), the current consumption of ethanol by the

Canadian LDV 
eet is at 32% of the blend potential (i.e., 2.6 billion liters). It could achieve 76% of

the ethanol blend wall by 2030, or 9.7 billion liters, in the case of a fast deployment of E25 compatible

vehicles (i.e., E25-Fast scenario) and the deployment of low and mid-level blends (i.e., E25 deployment

scenario).

4.4.3 Fleet WTW GHG Emissions

The deployment of low and mid-level blends (i.e., E25 Deployment scenario) in the Canadian LDV 
eet

assuming conventional ethanol (Corn/Wheat ethanol feedstock scenario) could reduce the 
eet WTW

GHG emissions by 7.9 Mt CO2 eq., or 7.2%, in 2030 compared with a scenario with constant ethanol

content (Figure 4.4). These GHG emission reductions result from a 9.3 Mt CO2 eq. reduction in vehicle

exhaust emissions and a 1.4 Mt CO2 eq. increase in upstream emissions. In the sensitivity analyses, the
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reductions range from 5.8% to 8.1%. The lower estimates result from high LDV 
eet fuel use and slow

E25 compatible vehicle deployment, and the upper estimates from low LDV 
eet fuel use and fast E25

compatible vehicle deployment. It is important to note that the WTW GHG emission factors extracted

from GHGenius are point estimates and are associated with a wide range of uncertainties that are not

considered in this chapter.

Engine calibration due to the octane enhancing e�ect of ethanol o�ers substantial reductions on

top of those associated with the substitution of gasoline with ethanol. Figure 4.4 shows the reductions

associated with the substitution of gasoline with ethanol, for three di�erent feedstock (e.g., corn/wheat,

switchgrass, corn stover in blue bars), and the reductions associated with the engine calibration (red

bars). Engine calibration accounts for 30% of the WTW GHG emission reductions of ethanol deployment,

corresponding up to 2.2 Mt CO2 eq. in 2030 in the case of E25 deployment. Mid-level blends have higher

calibration bene�ts than low-level blends due to the higher non-linear potential gains in vehicle e�ciency

(31% of reductions in E25 deployment compared to 29% in E10 deployment).

The deployment of cellulosic ethanol produced from switchgrass and corn stover feedstocks could

provide an additional 6.6 Mt CO2 eq. reduction in 
eet WTW GHG emissions in 2030 (darker blue bars

in Figure 3). Cellulosic feedstock, currently representing a minimal portion of the ethanol market in

Canada, has the potential to drastically reduce the upstream emissions of ethanol by using agricultural

residues, less-energy intensive crops and/or through producing marketable co-products that displace

higher carbon intensity products on the market (Mupondwa et al., 2017a,b). The potential for cellulosic

ethanol production in Canada is large, up to 142 billion liters per year, according to Mabee and Saddler

(2010), but deployment challenges lie in the pre-treatment processes and require important economic

and technological development. Overall, the deployment of low and mid-level blends with cellulosic

feedstock could reduce the 
eet WTW GHG emissions in 2030 by 9 to 15% compared with a scenario

with constant ethanol content.

Figure 4.4: 2030 
eet WTW GHG emission changes from the baseline emissions with constant
ethanol content by ethanol deployment scenario.
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4.4.4 2030 Canadian Fleet WTW GHG Emission Target

The deployment of low and mid-level ethanol blends with corn/wheat ethanol in the Canadian LDV


eet could reduce GHG emissions by 7.9 Mt CO2 eq. in 2030. These midlevel blends can contribute

to 17.5% of the 45 Mt CO2 eq. reduction needed in 2030 to attain a target of 30% below 2005 levels

for LDVs, aligned with the Canadian pledge to the UNFCCC (Figure 4.5). Indeed, from 2015 to 2030,

the baseline 
eet WTW GHG emissions is expected to grow from 114 to 127 Mt CO2 eq. due to the

growing 
eet stock (purple bar), creating a reduction need of 45 Mt CO2 eq. in 2030 to achieve the

target. The combined e�ects from deploying more EVs (BEV and PHEV) in the 
eet (orange bar) and

improving vehicle fuel consumption (yellow bar) could bring the 2030 level down to 108 Mt CO2 eq.

(95% of the 2015 level) and therefore contribute to 42% of the reduction needed in 2030. Deploying low

and mid-level blends with cellulosic ethanol (corn stover) could result in additional reductions of up to

14.5 Mt CO2 eq. (blue and green bars), lowering the 2030 level to 93.5 Mt CO2 eq. (82% of 2015 level).

A full ethanol deployment (i.e., deploying ethanol up to the blend wall potential) could reduce the 
eet

WTW GHG emissions down to 88 Mt CO2 eq. per year in 2030 (77% of the 2015 level). Therefore,

ethanol deployment in Canada could contribute to reducing the GHG emissions of the LDV 
eet but is

not su�cient to meet the emission reduction target. In the sensitivity analyses, the 2030 GHG emission

target for the Canadian LDV 
eet could be reached with a LDV 
eet stock limited at 26 million vehicles

in 2030 (compared with 24 million in 2018), 1.8 million on-road EVs in 2030 (compared with 0.09 million

in 2018), high technological improvement in vehicles, and full ethanol deployment up to the ethanol blend

wall with corn stover (cellulosic) feedstock (see �gure B.6). The sole deployments of E10 and mid-level

blends are not su�cient to meet the targets. Therefore, multiple mitigation pathways would be needed

to reduce the 
eet GHG emissions by 30% below 2005 levels, and a large EV deployment is one of them.

4.4.5 EVs in Canada

On May 1, 2019, the Government of Canada started an incentive program (i.e., iZEV) to promote

the deployment of zero emission vehicles (i.e., electric or hydrogen fuel cell vehicles) in the LDV 
eet

(Transport Canada, 2019). Their objective is to have 30% of new LDVs as zero emission vehicles in 2030

and 100% in 2040. If this ambitious objective is exclusively respected with EVs, BEVs and PHEVs could

represent 3.7 million on-road vehicles in 2030 or 10% of the on-road stock. Figure 4.6 presents Figure 4.5

updated with such EV deployment. The changes brought by the ethanol deployment scenarios on fuel

use and WTW GHG emissions are reduced, due to the smaller portion of on-road conventional vehicles,

but the trends are similar to those previously presented. Therefore, a mitigation overlap exists between

ethanol and EV deployment: large deployments of ethanol decrease the reductions (in absolute value)

brought by EV deployment, and inversely. This overlap, however, does not prevent the two mitigation

pathways from being complimentary, and the lowest gap between the 2030 
eet WTW GHG emissions

and the target of 30% below 2005 levels is obtained with a full deployment of ethanol alongside the

Canadian EV objective.

4.5 Role and Challenges of Ethanol in the Canadian LDV Fleet

In 2018, Canada only used 32% of its ethanol blend potential in LDVs, or 2.6 billion liters. Increasing

the ethanol content of the fuel used by the LDV 
eet is technically feasible with the deployment of E10
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Figure 4.5: Canadian LDV 
eet WTW GHG emissions and emission changes from 2015 to 2030 by
mitigation pathway

blends, and does not require changes to vehicle technologies, as all internal combustion engine vehicles

using gasoline are compatible. It is estimated in this study that the full deployment of E10 blends with

conventional ethanol could provide 2 Mt CO2 eq. of GHG emission reductions in 2030, reducing 
eet

WTW GHG emissions by 1.9%. In addition, around 10% of the current LDV 
eet is E85 compatible,

which means that E85 could be used if fuelling stations were available. Therefore, deploying ethanol in

gasoline is not a technical challenge but rather a commercial and political challenge that the Clean Fuel

Standard is trying to tackle (Environment and Climate Change Canada, 2019a).

One of the contributions of this study is the quanti�cation of the impact of 
eet turnover on the ability

to deploy mid-level blends in Canada's LDVs. E15 blends could be deployed immediately, as almost half

of the vehicle population will be E15 compatible by 2020, and up to 93% in 2030. Uncertainties remain

surrounding E25 compatible vehicles, but it would take at least a decade for the Canadian LDV 
eet to be

largely E25 compatible. In all cases, coordination among vehicle manufacturers, fuel producers/suppliers

and regulators is needed to maximize the environmental bene�ts of ethanol deployment.

From the vehicle manufacturer standpoint, the enhancement in octane ratings due to mid-level

ethanol blends could increase engine compression ratios and achieve energy e�ciency improvements.

However, vehicles are designed to accommodate the lowest octane rating fuel available, which is cur-

rently 87 antiknock index for regular gasoline in Canada (Canadian General Standards Board, 2016).

Therefore, adequate regulations should impose higher minimum octane number requirements to foster

higher compression ratios in new engines. It is important to note that other trends in engine technology

deployment, such as turbocharging, a�ect the relationship between octane rating, compression ratio and

engine e�ciency (West et al., 2018). For example, forced induction using a turbocharger can lead to
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Figure 4.6: Canadian LDV 
eet WTW GHG emissions and emission changes from 2015 to 2030 by
mitigation pathway if the Canadian EV objective is respected

downsized engines with lower compression ratios than naturally aspirated engines for greater torque out-

puts. With the rapid uptake of turbochargers in the U.S. (i.e., about 34% of all engines are turbocharged

gasoline engines in model year 2019 vehicles (U.S. Environmental Protection Agency, 2019b)) more re-

search should be conducted on the physical relationships between fuel attributes and new alternative

engine designs.

Pathways to achieve signi�cant reductions in energy use and GHG emissions of the Canadian LDV


eet necessarily require stringent vehicle regulations that decrease average vehicle fuel consumption.

While attention to non-GHG emissions and other environmental impacts is of critical importance, these

aspects were beyond the scope of the current study and the subject of future work (Yuan et al., 2019).

From the fuel producer/supplier standpoint, the transition between high-octane number calibrated

vehicles and old vehicles will require the distribution of low-octane number blends along with high-

octane number blends (Anderson et al., 2012). If high-octane number blends are not attractively priced,

drivers will continue to use the current fuels. Fuel producers/suppliers will therefore need to minimize

price di�erentials between the blends to avoid such situations. Enhancements at the refueling stations

would also be needed with dedicated underground tanks for the di�erent fuel blends, clearly labelled fuel

blends, and potentially di�erent pump nozzles to reduce the risk of mis-fueling. Regulatory solutions to

support producers/suppliers include subsidy programs to promote higher ethanol content fuels through

renewable volume mandates or o�setting the costs of refuelling station enhancements. In addition to

octane rating, fuel suppliers need to respect other fuel blending speci�cations, such as the vapor pressure

measured as Reid vapor pressure (RVP) (Argonne National Laboratory, 2015). The RVP measures the

volatility of the fuel and is regulated seasonally. A fuel with a high RVP will vaporize easily, which
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is an asset in cold weather. Conversely, warm weather requires more restrictive RVP speci�cations to

prevent vapor lock from forming. Vapor lock refers to a fuel changing state from liquid to gas in the

fuel delivery system and can disrupt engine operations. Ethanol has a high blending RVP compared

to common petroleum products and can complicate meeting the fuel RVP speci�cation, especially in

warm weather (Argonne National Laboratory, 2015). Therefore, mid-level blends may imply a change

in re�nery operations with new blending recipes to achieve fuel speci�cation.

Any GHG emission reductions of ethanol deployment will only be realized if there is an actual

reduction in life cycle GHG emissions and a reduction in crude oil extraction and use. Ethanol can be

produced from a multitude of feedstocks and processes and the WTW emissions must be veri�ed and

determined to be lower than those of petroleum gasoline. Under the Clean Fuel Standard (Environment

and Climate Change Canada, 2019a), a life cycle assessment tool is being developed with the aim of a

consistent framework to ensure the GHG emission intensities of the fuels satisfy the policy's objectives.

Although the deployment of mid-level blends can reduce the direct use of crude oil by LDVs, they may

not necessarily lead to overall reductions in crude-oil use, due to macroeconomic e�ects from changes in

demand and prices (Rajagopal, 2013). Additionally, shifts in the ratio of gasoline and diesel production

(Motazedi et al., 2018), and in other blend components (Speth et al., 2014), such as benzene/ toluene/

xylene, will impact the emissions of re�nery operations. A better understanding of indirect e�ects of

alternative fuels is the subject of ongoing and future research. When feasible, indirect e�ects should be

considered in the design of fuel/vehicle policies.

4.6 Conclusion

In line with the Pan-Canadian Framework on Clean Growth and Climate Change (Government of

Canada, 2016), there is an opportunity to deploy mid-level ethanol blends in Canada. I quantify the

changes in ethanol and gasoline volumes and associated GHG emissions from di�erent levels of mid-level

ethanol blend deployment in Canada from 2018 to 2030. A Canadian LDV 
eet model is developed to es-

timate the number of vehicles by vehicle technology from 2015 to 2030 and their fuel blend compatibility.

Then the annual fuel use by fuel blend is estimated considering the e�ects of ethanol level on vehicle fuel

consumption. Finally, the associated WTW GHG emissions of the Canadian LDV 
eet are calculated

and compared with the 2030 reduction pledge of Canada to the United Nations Framework Convention

on Climate Change. The results suggest that the Canadian LDV 
eet stock is likely to increase in the

next decade, and internal combustion engine vehicles using gasoline will continue to dominate, repre-

senting 88% of the vehicle 
eet in 2030. The deployment of low and mid-levels ethanol blends, such

as E10, E15 and E25, in the Canadian LDV 
eet could provide important energy and GHG emission

reductions, approximately 7.9 Mt CO2 eq., or 7.2%, in 2030 compared with a scenario with constant

ethanol content. The reductions will be maximised if there is coordination between vehicle manufactures,

fuel producers/providers and regulatory agencies to optimize engine technologies and e�ciencies for the

higher-octane ethanol blends. The development of advanced biofuels using cellulosic feedstock, such as

switchgrass or corn stover, can considerably reduce 
eet GHG emissions as ethanol is deployed at higher

blends within the fuel pool, with an additional 6.6 Mt CO 2 eq. reduction in 
eet GHG emissions in 2030.

However, even under the most optimistic ethanol deployment scenario, ethanol use alone is not enough

to achieve the 2030 Canadian emission target. Reaching the GHG emissions reduction target for LDVs

requires multiple actions, including reducing 
eet stock size, increasing vehicle e�ciency, deploying EVs,
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reducing vehicle kilometres travelled and reducing fuel GHG intensity. Ethanol has the potential to

enable two of these, particularly if accompanied by improvements in engine technology/e�ciency that

capitalize on the higher compression ratios possible with ethanol's high-octane rating.
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Electri�cation of light-duty vehicle


eet alone will not meet mitigation

targets

This chapter is based on Milovano� et al. (2020b).

5.1 Chapter Overview

Climate change mitigation strategies are often technology-oriented, and EVs are a good example of a

believed silver bullet. In this chapter, I estimate suitable GHG emission budget for the U.S. LDV 
eet

to maintain global warming below 2 °C and augment the FLAME model to estimate the GHG emission

mitigation pathways for EVs in the U.S. to remain within the budgets

I show that current U.S. policies are insu�cient to remain within a sectoral CO 2 emission budget for

LDVs, creating a mitigation gap of up to 19 gigatonnes CO2 (28% of the projected 2015-2050 LDV 
eet

emissions). Closing the mitigation gap by betting solely on EVs would require more than 350 million

on-road EVs (89% of the 
eet), half of national electricity demand and excessive amounts of critical

materials to be deployed in 2050. Improving average fuel consumption of conventional vehicles, with

stringent standards and weight control, would reduce the requirement for alternative technologies, but

is unlikely to fully bridge the mitigation gap. There is therefore a need for a wide range of policies that

include measures to reduce vehicle ownership and usage.

5.2 Introduction

Solutions to mitigate greenhouse gas emissions from LDVs can be categorized into the avoid-shift-

improve approach (Creutzig et al., 2018): avoiding the need to travel, shifting the energy sources,

and improving vehicle e�ciency and fuel carbon-intensity. Yet, LDV total vehicle kilometers travelled

(VKT) are not expected to decrease in the U.S. in the next decades (Leard et al., 2019), and much of

the political and social agenda is focused on �nding the next innovative fuel or vehicle technology, or

on the \shift" component. EVs have been spotlighted as the next decarbonisation revolution for LDVs
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(International Energy Agency, 2019a). For the International Energy Agency, \electricity is the star of

the show" for meeting goals related to climate change (International Energy Agency, 2019a). The U.S.

LDV 
eet comprised 1.12 million on-road EVs at the end of 2018 (representing 0.4% of the total LDV


eet) (International Energy Agency, 2019b). Ten states (i.e., California, Connecticut, Maine, Maryland,

Massachusetts, New Jersey, New York, Oregon, Rhode Island, Vermont) pledged a market share of

35% of EVs in new vehicle sales in 2030 by creating the ZEV Task Force Multi-State ZEV Task Force

(2018) and Colorado recently adopted a Zero Emission Vehicle program (Colorado Department of Public

Health and Environment, 2019). Such targets are aligned with the EV30@30 scenario developed by the

International Energy Agency (2019b) to promote a 30% market share of EVs in new vehicle sales by

2030. EVs nonetheless imply shifts in the CO2 emission pro�les of the vehicles. Emissions move upstream

from vehicle operation combustion to electricity generation. New vehicle components are required, such

as lithium-ion batteries, which increase the vehicle embodied emissions due to their energy intensive

manufacturing (Ellingsen et al., 2016). LCA provides insights on the CO2 emission implications of

substituting a conventional vehicle with an EV (Cox et al., 2018). Although large uncertainties exist in

comparing the two technologies, mostly due to sources of electricity generation (Marmiroli et al., 2018)

and the battery (Ellingsen et al., 2016), EVs are likely to reduce emissions in the U.S. when compared

with conventional gasoline vehicles (Wu et al., 2019a). LCA provides perspectives at a vehicle level

but nonetheless falls short of examining the large scale implications of vehicle electri�cation (Milovano�

et al., 2019).

The future CO2 emissions of the U.S. LDV 
eet are highly uncertain and depend on many factors

including 
eet turnover, fuel consumption of new vehicles, deployment of alternative vehicles and total

VKT (Martin et al., 2017). For example, until 2018, the CAFE standards controlled the average fuel

consumption of new vehicles. In 2018, the U.S. government enacted the new Safer A�ordable Fuel

E�cient (SAFE) standards, which freeze the minimum fuel consumption requirements from 2020 to

202615. Between 2020 and 2050, this freeze would result in additional CO2 emissions nationally compared

to the previous CAFE standards (Keith et al., 2019). Yet, to prevent more than 2 °C global warming,

global and national CO2 emission budgets need to be respected, and need to be operationalized to

speci�c sectors for clear political and technological targets (Trancik et al., 2014). I focus speci�cally on

CO2 emissions (rather than all greenhouse gases) for consistency with the climate science approach to

carbon budgets (Matthews et al., 2009). Some studies quanti�ed the U.S. LDV 
eet mitigation goals

using various global and regional emission pathways, and their technological implications. However, their

approaches have limitations because they evaluate pathways on an annual basis to 2050, regardless of

the timing of emissions reductions (Melaina and Webster, 2011; Winkler et al., 2014; Meier et al., 2015;

Miotti et al., 2016; Grimes-Casey et al., 2009), which overlooks the proportionality of climate change to

cumulative emissions (Matthews et al., 2009). In addition, LDVs are at the crossroad of many economic

sectors (e.g., industrial, energy) and the CO2 emission reductions must occur within all a�ected sectors.

This is particularly noteworthy for EVs as electricity generation and battery production emissions need

to be included in the CO2 emission pathways.

The objectives of the chapter is to analyze the resource implications for the U.S. LDV 
eet of

remaining within a sectoral CO2 emission budgets consistent with a 2°C target with a clear focus on

electri�cation.
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5.3 Method

I develop a two-staged scenario-based assessment by �rst using the Shared Socioeconomic Pathways

(SSPs) (O'Neill et al., 2017) to de�ne U.S. LDV 
eet CO 2 emission budgets to maintain global warming

below 2 °C under di�erent assumptions of prospective global societal developments. The SSPs quantify

economy-wide socioeconomic components in distinct alternative futures and are used as the background

of my analysis. Second, I use the FLAME model (see chapter 3) to estimate the prospective life cycle CO2

emissions of the U.S. LDV 
eet under current business-as-usual policies, and under high electri�cation

scenarios following the EV30@30 campaign (International Energy Agency, 2019b). Finally, I use a

backcasting procedure to quantify the timing and volumes of EVs required to remain within suitable

CO2 emission budgets, the resulting electricity use and potential impacts on the electricity system, and

the material 
ows of the electric batteries. The approach aims to outline how desirable futures can

be attained with technological targets, and is aligned with a backcasting planning method (Robinson,

1982). My method is graphically summarized in Figure 5.1.

Figure 5.1: Overview of methods

5.3.1 Scenario-based Assessment of the U.S. LDV Fleet

I develop a scenario-based assessment of the U.S. LDV 
eet and use the Shared Socioeconomic pathways

(SSPs) as my background scenarios (O'Neill et al., 2017). The SSPs quantify socioeconomic components,

such as population, economic growth, or rates of technological change, for �ve distinct alternative futures

of societal development (SSP1 to 5) based on the potential combinations of challenges for adaptation

to, and mitigation of, climate change over the next century. In this chapter, I consider the narratives

of SSP1 (Sustainability|Taking the green road), SSP2 (Middle of the road) and SSP5 (Fossil-fueled

development|Taking the highway) scenarios to represent three di�erent challenges to mitigation, from

low (SSP1) to high (SSP5). The storyline behind SSP1 emphasizes rapid technology development with
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low carbon and energy intensity under high globalized economic growth rates (van Vuuren et al., 2017).

It depicts a world with high environmental awareness, high global cooperation, restrictive fossil fuel

policies, and less resource intensive lifestyles following the Sustainable Development Goals enacted by

the United Nations. The SSP2 storyline represents a world that follows historical patterns, de�ned by

high heterogeneity in country development and moderate challenges to mitigation and adaptation (Fricko

et al., 2017). Finally, SSP5 storyline depicts a strongly globalized world, heavily reliant on fossil-fuels,

with little concerns to global issues but with highly engineered solutions (e.g., intense use of carbon

capture and storage technologies) (Kriegler et al., 2017).

The SSP narratives serve as key inputs for integrated assessment models to develop climate change

mitigation scenarios that match a global mean temperature target by 2100. For each SSP narrative,

I consider the climate mitigation scenario with 2.6 W.m� 2 radiative forcing in 2100, which has a high

likelihood of global mean temperature increase below 2°C (Meinshausen et al., 2011). I use the interpre-

tations of the SSP narratives by the Global Change Assessment Model (GCAM) (Calvin et al., 2019),

a market equilibrium model that represents the interactions of energy, water, land, socioeconomic and

climate at regional and global scales. As GCAM includes a detailed representation of the U.S., I extract

from it the main inputs for the FLAME model of my scenario-based assessment for SSPs 1, 2 and 3: the

prospective LDV 
eet stock, the electricity generation mixes, and the sectoral 2015-2050 CO2 emission

pathways of the U.S. LDV 
eet consistent with a 2 °C climate target (see section C.1.1 of appendix C

for a full set of assumptions). Then, I adjust the sectoral emission pathways to the FLAME model by

resolving the system boundary inconsistency of the GCAM and the FLAME models (see section C.1.2 of

appendix C), to estimate the U.S. LDV sectoral CO2 emission budgets by SSP adapted to the FLAME

model consistent with a 2°C climate target.

5.3.2 Adjustments to the FLAME Model

The outputs of GCAM serve as key inputs for my 
eet-based life cycle model of U.S. LDVs, FLAME

(see chapter 3), to calculate prospective U.S. LDV 
eet CO2 emissions from 2015 to 2050. In this

chapter, I update the FLAME model with the most up-to-date vehicle characteristic values (e.g., fuel

consumption, vehicle weight, battery size) by calculating sales-weighted average energy consumption

and battery capacity for EVs between 2016 and 2018. However, the current deployment of EVs is driven

by a speci�c segment of the population, often called theinnovators in the science of di�usion process

(Jensen et al., 2017). This segment might not be representative of future deployment of EVs, especially

regarding other vehicle attributes such as vehicle weight and size. Therefore, I perform a sensitivity

analysis on the energy consumption of EVs by considering values in the low- and high-end of the range of

existing vehicle models. I develop new prospective scenarios regarding fuel consumption improvements,

vehicle size market shares, technology market shares and vehicle usage. Regarding fuel consumption

improvements in conventional vehicles, I simulate the CO2 emission implications of the SAFE standards

and the now revoked CAFE standards. Regarding technology market shares, I simulate a case with

no changes to the 
eet up to 2050, and a case based on the EV30@30 campaign (International Energy

Agency, 2019b) by extending it to 2050 with the Bloomberg New Finance Energy projections (2020) (i.e.,

60% of EVs in new sales in 2040). Finally, I add a new subcomponent in the Automotive Material Flow

module: the Battery Material Flow submodule. Its objective is to calculate the 
ows of four materials

(Lithium, Cobalt, Nickel, Manganese) required by EV batteries from the BatCaP tool developed by the

Argonne National Laboratory (Nelson et al., 2019). Figure 5.2 provides a summary of the processes

56



CHAPTER 5

included in the environmental assessment of the FLAME model.

Figure 5.2: Environmental assessment boundary of the FLAME model

5.3.3 Backcasting Procedure

I develop a backcasting procedure to seek the EV deployment level to remain within the 2015-2050 CO2

emission budget of the U.S. LDV 
eet.

A backcasting analysis aims to determine the values of independent variables required to reach a

desirable future. The approach was �rst introduced by Robinson (1982). In my study, the desirable

future is a 2 °C global temperature change target by the end of the century compared to preindustrial

levels. The independent variable is the EV deployment in the U.S. LDV 
eet. I build the backcasting

procedure with an optimization model.

The objective function of the optimization model is to minimize the stock of EVs deployed in the

U.S. LDV 
eet from 2020 to 2050. The decision variable is the EV deployment level. I assume that EVs

have a linear penetration in the LDV market share from 2020 to 2050. Therefore, the mathematical

formulation of the decision variable is the annual increase of EVs in market sharesxEV . Equation 5.1

describes the objective function.

min
x EV

StockEV; 20� 50 = min
x EV

2050X

y=2020

StockEV;y (5.1)

with StockEV; 20� 50 the cumulative stock of deployed EVs from 2020 to 2050,y the year, StockEV;y

the annual on-road stock of EVs. From the equation of the 
eet turnover (equation 3.1) I deduce that

8y 2 [2021; 2050]; StockEV;y = StockEV;y � 1 + In EV;y � OutEV;y . I can formulate the relationship between

xEV and In EV;y as: In EV;y = MSEV; 2019 � (1+(2019 � y) � xEV ) � In LDV;y with MSEV; 2019 the market

share of EVs in 2019 andIn LDV;y the annual sales of LDVs. Equation 5.1 therefore can be simpli�ed in

Equation 5.2.

min
x EV

"
2050X

y=2020

(MSEV; 2019 � (1 + (2019 � y) � xEV ) � In LDV;y � OutEV;y

#

(5.2)
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The constraint of my optimization model is to obtain U.S. LDV cumulative CO 2 emissions between

2015 and 2050 from the FLAME model lower than the CO2 emission budget, as per equation 5.3.

2050X

y=2015

ELDV;y � BLDV; 15� 50 (5.3)

With ELDV;y the annual CO2 emissions of LDVs as calculated by the FLAME model, andBLDV; 15� 50

the 2015-2050 CO2 emission budget, as calculated section C.1.2.

I implement my optimization model with a search-and-try process. The �rst step is to determine if

the emissions remain within the budget in the default case, and if it can remain within the budget with

a full deployment of EVs starting in 2021. Then, I proceed by dichotomy by considering a deployment

level in the middle of a range, de�ned by an upper and lower value (i.e., initially 0 and 1), and update

the lower or the upper range depending on the results of the deployment level. The EV deployment level

solution is obtained when the di�erence between the lower and upper ranges is below a cut-o� value

(�xed at 0.0001 or 0.01%). Figure C.5 in appendix C presents a 
owchart of the optimization model.

5.3.4 Sensitivity Analysis

I perform sensitivity analyses to show the in
uence of some parameters on my results. I develop two

types of sensitivity analyses on two types of parameters. For a set of parameters, I �rst perform single

factor sensitivity analyses by assessing the in
uence on the results of changing one parameter value from

the low to the high cases while keeping other parameters as default values. Then, I perform multi-factor

sensitivity analysis by simulating the results with all low and high cases for all parameters. I consider two

type of parameters: the modelling and the scenario parameters. The modelling parameters are associated

with my modelling assumptions. The scenario parameters assess the sensitivity of future scenarios on

my results, excluding electri�cation scenarios. As the sensitivity analyses on the modelling and scenario

parameters overlap, I perform multi-factor sensitivity analyses by including both the modelling and the

scenario parameters. Tables C.9 and C.10 contain the set of parameters and their bounding cases.

5.4 Results

5.4.1 Current Policies Yield Mitigation Gaps

Current policy and electri�cation targets are not su�cient to remain within a suitable U.S. LDV CO 2

emission budget consistent with a 2°C target. Using results from GCAM, I estimate 2015-2050 LDV sec-

toral carbon budgets between 43 and 49 Gt CO2 between the SSPs. If the U.S. LDV 
eet stays constant

(in characteristics, stock and travel demand) until 2050, 51 Gt CO2 would be emitted from 2015 to 2050

(Figure 5.3), creating a mitigation gap between 2 and 8 Gt CO2. The high end of this range exceeds total

U.S. CO2 emissions in 2017 (5.2 Gt CO2), while even the low end of the range exceeds an entire year

of all U.S. transportation emissions (1.8 Gt CO2) (U.S. Environmental Protection Agency, 2019a). The

expected growing travel demand of LDVs, from increasing population and economic development, could

deepen the mitigation gap by up to 20 Gt CO2, while the minor fuel consumption improvements of the

SAFE standards could reduce it by 1 Gt CO2. With no additional policies, electri�cation of U.S. LDV


eet following the EV30@30 campaign could bring between 7 and 9 Gt CO2 emission reductions with

a 2018 electricity emission factor (at 439 g CO2/kWh (Schivley et al., 2018), EV30@30-2018ef in �gure
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5.3), and up to 15 Gt CO2 emission reductions with 100% renewable electricity sources (EV30@30-ren

in �gure 5.3), still insu�cient to bridge the mitigation gap.

Only under a combination of feasible stringent policies on fuel economy (20% reduction in new

conventional vehicle average fuel consumption between 2019 and 2050) and on weight and size (25%

reduction in new vehicle average weight between 2019 and 2050), and with 100% renewable electricity

could the EV30@30 campaign electri�cation target bridge the mitigation gaps. I note that these results

use an innovative approach to calculate the 2015-2050 CO2 emission budget of the U.S. LDV 
eet

that is higher than values found in literature (see section C.1.2). A lower CO2 emission budget would

unquestionably worsen the mitigation gap (see section C.2.4). Hence, a question arises: what level of

EV deployment would be required to �ll the mitigation gap under current business-as-usual policies?

Figure 5.3: 2015-2050 U.S. LDV 
eet cumulative CO2 emissions vs CO2 budget under prospectively
future developments. Panel a) assumes current fuel economy policy (SAFE standards); panel b)

assumes stringent fuel economy policies (CAFE standards for conventional vehicles, along with high
vehicle size and weight control).

5.4.2 Shift: How Many EVs Would Be Needed?

Under a business-as-usual LDV 
eet and current policies, up to 350 million EVs would need to be on the

road in the U.S. in 2050, or up to 89% of the on-road LDV 
eet (Figure 5.4c and 5.4d), to remain within

a suitable CO2 emission budget for a 2°C target. Attaining this EV penetration would require a 100%

market share of EVs (or up to 28 million EVs) by 2050 { possibly as early as 2035 (Figure 5.4a and 5.4b).

I note that the shaded areas and error bars of �gure 5.4 represent results of sensitivity analyses, related

primarily to battery emission factor, EV electrical consumption, and adjustment method for prospective

LDV stock (see section C.2.2).
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To put this into perspective, sales of EVs in the U.S. represented 0.36 million vehicles in 2018, or

2.5% of new vehicles, with an on-road 
eet of 1.12 million EVs at the end of 2018 (International Energy

Agency, 2019b). The highest EV scenario in the Annual Energy Outlook 2019 (U.S. Energy Information

Administration, 2019) (High Oil Price case) projects an on-road stock of 50 million EVs in 2050, or 19%

of the U.S. LDV 
eet. The highly optimistic EV30@30 campaign (International Energy Agency, 2019b)

applied to the U.S. LDV 
eet, if extended to 2050, implies up to 204 million on-road EVs in 2050, or

59%. Therefore, EV deployment consistent with a 2°C target under current policies would be even

higher than the most optimistic deployment targets. This brings up the critical issue of what would be

the associated infrastructure and material needs?

Figure 5.4: a) Required new sales of EVs; b) Required EV market share of new vehicle sales; c)
Required on-road 
eet stock of EVs and d) Required share of EVs in on-road LDVs under a 2°C

consistent budget for three scenarios: SSP1, SSP2 and SSP5
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EVs and Electricity: Need for Broad Coordination

The energy sources used to generate electricity dictate EV emissions, and so EV deployment requires

broad coordination among driving, infrastructure and power systems. A 
eet of 350 million on-road

EVs in the U.S. could imply an annual electricity demand for EVs of up to 1,700 TWh (Figure 5.5a),

equivalent to 41% of the 2018 annual national electricity generation (4,200 TWh in 2018 (U.S. Energy

Information Administration, 2019)). Not only would electricity demand increase but the shape of the

demand could be dramatically altered. For instance, Muratori (2018) showed that a 100% market share

of EVs could double the U.S. peak residential demand. That could lead to requiring a vast installed

capacity of new power plants, and a dramatic decrease in capacity factors and in reliability of power

systems. Therefore, a high level of EV deployment would require coordination between the EVs and their

driving/charging behaviours. This coordination necessitates an extensive deployment of the appropriate

charging infrastructure, and tailored incentives to adjust the travel and charging behaviors, such as

smart contracts between EV drivers and electricity suppliers (Muratori, 2018). At a certain level of

coordination, EVs can be operated as mobile storage systems to 
atten the shape of the demand curve

and increase the 
exibility of power systems. Ultimately, this could facilitate renewable and intermittent

source penetration, such as wind and solar, in a Vehicle-to-Grid system (Sioshansi and Denholm, 2009).

It is therefore crucial that EVs are integrated within a broader framework to ensure that their deployment

reduces global CO2 emissions without causing technical instability to power systems. This will come at

the cost of deploying a large amount of renewable-based electricity, `smart' infrastructure and `smart'

behaviors.

Materials Opportunities and Concerns

The widespread deployment of EVs represents an extraordinary economic opportunity for battery in-

dustries but could result in major material concerns. From 20 GWh of new Li-ion EV batteries in 2018,

the U.S. LDV 
eet could need up to 3.2 TWh of new Li-ion EV batteries in 2050 (Figure 5.5b). This

would represent phenomenal growth over 30 years for an industry that has an extensive supply-chain

with minerals for the raw materials, inorganic chemicals for cathode active materials, organic chemicals

for the electrolyte, polymer chemicals for the binder and separator, metals for the can, and electronics

(Zubi et al., 2018). The concern is that such growth will also be needed in the materials required to

produce Li-ion batteries. In particular, three materials, lithium, cobalt and manganese, have been spot-

lighted as critical materials by the U.S. Department of Interior due to their vulnerable supply chains

(2019). Without drastic changes to EV battery material composition or major improvements to the

recycling processes of the used batteries, up to 5.0, 7.2 and 7.8 Mt of lithium, cobalt and manganese

would need to be extracted between 2019 and 2050 for the U.S. LDV 
eet alone, or 8% and 29% of the

identi�ed world terrestrial resources of lithium (62 Mt (U.S. Geological Survey, 2020)) and cobalt (25

Mt (U.S. Geological Survey, 2020)) in 2019 (no major concern regarding manganese resources). In ad-

dition, the increasing reliance on renewable energy sources, exacerbated by EV deployment, could bring

other material concerns, such as neodymium in wind turbines (Roelich et al., 2014). With an uneven

global distribution of resources (e.g., potential U.S. resources are 6.8 Mt for lithium, 1 Mt for cobalt,

and none for manganese (U.S. Geological Survey, 2020)), geopolitical issues and supply disruptions may

arise. In addition, impacts from mining operations may threaten many of the United Nations Sustain-

able Development Goals (Nansai et al., 2019), requiring international governance to ensure sustainable
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Figure 5.5: a) U.S. LDV 
eet electricity and gasoline use; b) U.S. EV li-ion battery market; under a 2
°C constrained U.S. LDV 
eet for three scenarios: SSP1, SSP2 and SSP5

practices (Ali et al., 2017). Investments in battery recycling infrastructure would alleviate the need

for raw materials and the associated environmental impacts, and help manage the rapidly-increasing

volume of batteries to come (Harper et al., 2019). High extraction costs, material extraction capacity

limits (Kushnir and Sand�en, 2012), and escalating commodity prices for raw materials will ultimately

generate pressure to move beyond the current Li-ion technologies, with alternative electrode materials,

such as LiFePO (Leard et al., 2019), or alternative chemistries, such as Na-ion technology (Larcher and

Tarascon, 2015). But it will take time to �nd and deploy e�ective and a�ordable alternative technologies

{ time we cannot a�ord in the face of the climate change urgency.

5.4.3 Improve: Critical Trade-o� of Vehicle Fuel Consumption and Weight

Ultimately, betting solely on EVs to bridge CO 2 mitigation gaps of the U.S. LDV 
eet is not realistic.

Under growing travel demand, the prospective average fuel consumption of conventional vehicles should

be thoroughly scrutinized to help reduce U.S. LDV 
eet emissions. Improving conventional vehicles

would lead to lower average fuel consumption and reduce the mitigation gap, but would require stringent

control on vehicle weight, reversing historical trends.

Immediate and continued improvements in new vehicle fuel consumption for conventional vehicles are

a keystone for U.S. LDV 
eet CO2 emission budget compliance. The CAFE standards helped decrease

the average fuel consumption of new vehicles from 12.3 to 9.3 L/100km between 1980 and 2017 (an

increase from 19.2 to 25.2 miles per gallon) (U.S. Environmental Protection Agency, 2019b). With
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the SAFE standards (National Highway Tra�c Safety Administration and Environmental Protection

Agency, 2018), I estimate that the 2015-2050 U.S. LDV 
eet CO2 emissions could increase by up to 6.2

Gt CO 2, or 9%, compared with the CAFE standards. This results in requiring up to 45 million more

on-road EVs in 2050 in a CO2 emission budget compliance scenario. Therefore, EV deployment can

hardly single-handedly compensate for the lack of stringent fuel consumption standards and conventional

vehicles should be continually improved. To do so, standards may have to go beyond existing footprint-

based approaches, which can provide perverse incentives to increase (or maintain) size/weight (Whitefoot

and Skerlos, 2012).

Increases in vehicle weight increase CO2 emissions (due to greater energy use associated with accel-

eration and rolling resistance (Luk et al., 2017b)), and would ultimately require more rapid and intense

deployment of EVs to respect the CO2 emission budget. The vehicle weight is dictated by four main

elements: the size class (e.g., compact, pick-up), the design (e.g., material choices, body construction),

the features (e.g., air conditioning, safety equipment) and the performance (e.g., acceleration, power)

(Mackenzie et al., 2014). In the past decades, the sales-weighted average mass of new U.S. LDV has been

steadily increasing (from 1464 kg in 1980 to 1834 kg in 2017 (U.S. Environmental Protection Agency,

2019b)), as a result of the increasing light-truck share in new vehicles (from 20% in 1980 to 48% in 2017

(U.S. Environmental Protection Agency, 2019b)), better performance (from 104 horsepower (hp) in 1980

to 232 hp in 2017 (U.S. Environmental Protection Agency, 2019b)), and additional features (+223kg

from 1975 to 2010 (Mackenzie et al., 2014)). Continuing such trends for conventional vehicles, with no

weight control and high light-truck deployment in the next decades, could increase the 2015-2050 LDV


eet CO 2 emissions by up to 5.3 Gt CO2 or 8%. This could imply 39 million more on-road EVs in

2050 under a CO2 emission compliant case compared with no changes in average weight. Conversely,

deploying smaller vehicles, using lighter materials, such as aluminum, and limiting additional features,

could reduce the 2015-2050 LDV 
eet emissions by up to 3.3 Gt CO2, or 5%, and could reduce the

need for on-road EVs in 2050 by 34 million. I acknowledge that safety and other factors need to be

considered in the weight control decision (Mackenzie et al., 2014), but a trade-o� between performance,

size, features and fuel e�ciency needs to be found, and vehicle weight should not be underestimated in

pathways to reduce LDV 
eet CO 2 emissions.

The attributes of EVs are deeply intertwined with their deployment potential. Indeed, range anxiety

is a barrier to the widespread electri�cation of transportation (Needell et al., 2016). But range is a

function of the battery capacity (weight) and the vehicle energy consumption, and heavier EVs may

not have higher range. For example, the 2019 Tesla Model X and Tesla Model 3 have curb weights of

2459 kg and 1753 kg, respectively, with combined city/highway energy consumption of 63 kWh/100km

and 42 kWh/100km and similar range, around 480 km (U.S. Department of Energy, 2020). Therefore,

incentives to promote the deployment of EVs should not prevent manufacturers from developing heavier

vehicles, for the sake of range deployment, but should limit size expansion. In my default assumptions,

I assume that the widespread adoption of EVs is achieved by long-range BEVs, with ranges above 500

km. I estimate that overcoming the range anxiety and solely deploying short-range BEVs (with ranges

around 200 km) could provide small reductions in the EV deployment needs, by 1% to 2% lower shares in

the 2050 on-road stock (see Figure C.10 in appendix C). This scenario is not unrealistic as range anxiety

is more a psychological barrier than a physical one. A 2013 Nissan Leaf with a range of 120 km could

realize 87% of daily vehicle kilometers travelled without recharging in the U.S. (Needell et al., 2016).

On the other end of the spectrum, substituting conventional vehicles with short electric range plug-in
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hybrid electric vehicles (PHEVs) represent only a partial electri�cation, and increases the requirement

for EV deployment, by 3-10% higher EV (i.e., PHEV and BEV) shares in 2050 on-road stock (see Figure

C.10 in appendix C). PHEVs have larger life cycle GHG emissions over a vehicle lifetime than BEVs

because of their partial reliance on gasoline (depending on the utility factor assumed; see Figure C.6 in

appendix C). PHEVs may play a transitional role in the short-term with their (combined fuel) extended

range (Gnann et al., 2018), but do not leverage the full bene�ts of electri�cation.

5.4.4 Avoid: Electri�cation is Not a Silver-Bullet

I show that betting solely on EVs to remain within suitable sectoral CO2 emission budgets for the

U.S. LDV 
eet would imply more than 350 million on-road EVs in 2050, represent half of national

electricity demand and require an excessive amount of critical materials to be deployed by 2050. It is

worth noting that the deployment of EVs could present an opportunity to improve urban air quality

(Tessum et al., 2014), but such assessment is beyond the scope of this work. I deliberately focused on one

technology, EVs, and one country, the U.S., but believe the results to be qualitatively generalizable to

other technologies, such as hydrogen fuel cell vehicles (Reichmuth et al., 2013) or 
ex-fuel vehicles using

biofuels (Scown et al., 2013), and to other countries. Indeed, alternative technologies ultimately intend

to reduce the use of conventional vehicles and fuels, and are bound by 
eet turnover considerations and

infrastructure deployment required for the alternative fuels. I show that continually improving average

fuel consumption of conventional vehicles, with stringent standards and weight control, can reduce the

requirements for deployment of alternative technologies, but are unlikely to fully bridge the mitigation

gap. In my simulations, I �nd that stabilizing the travel demand from LDVs at current levels would

allow the EV30@30 campaign electri�cation target to remain within a suitable budget, and reductions

in travel demand are needed for lower electri�cation targets. Therefore, measures to reduce vehicle

ownership and usage are critical. Such �ndings are in line with the stabilization wedges developed by

Pascala and Socolow (2004), and with the idea that no single mitigation solution is su�cient; and in

line with Sager et al. (2011) calling for reduced use of LDVs globally.

Meeting ambitious climate targets will require a move from technology-oriented policies to activity-

oriented policies to provide better substitutes for LDVs, such as transit-oriented land-use policies, de-

ployment of new public transport options, innovative taxes on fuel, parking, congestion, road use, and

subsidies for public transportation (Sager et al., 2011). Interests in autonomous vehicles or ride-hailing

should be scrutinized, as it is unclear they would reduce or increase VKT (Wadud et al., 2016), and

investments in such technologies should not come at the expense of public transit development and

e�ective strategies to reduce CO2 emissions (Schmutzler, 2011). \Vehicle" is however a byword for in-

dependence and opportunities, and reducing its use creates challenges for social development (Mattioli,

2016).

5.5 Conclusion

Tackling climate change is not a one-country, one-sector or one-technology job. It will be the achieve-

ment of extensive system-based analysis, thorough planning and e�ective implementation. EVs o�er

an exceptional opportunity to reduce CO2 emissions. But electri�cation is not a silver-bullet, and our

arsenal should be a wide range of policies combined with our willingness to drive less with lighter, more

e�cient vehicles.
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Greenhouse Gas Emission

Mitigation Pathways for Urban

Passenger Land Transport under

Ambitious Climate Targets

6.1 Chapter Overview

Urban passenger land transport is an important source of greenhouse gas (GHG) emissions globally but

emissions from this sector are challenging to mitigate as the sector interacts with many other economic

sectors. I develop the Climate change constrained URban passenger TrAnsport Integrated Life cycle

assessment (CURTAIL) model to outline GHG emission mitigation pathways of urban passenger land

transport that are consistent with ambitious climate targets. CURTAIL calculates the transport activity

of the main passenger modes and simulates the associated annual vehicle stocks, sales and life cycle GHG

emissions. It estimates GHG emission budgets that are consistent with global warming below 2°C and

1.5 °C above pre-industrial levels, and �nally seeks mitigation strategies that enable the case study city

to remain within the budgets. I apply the model to a case study of Singapore. I show that meeting

a 1.5 °C target requires strong commitments in the transport and electricity sectors, such as reducing

the motorized passenger activity, rapidly increasing the deployment of public transit, electrifying all

passenger modes as early as possible and decarbonizing the power system. Focusing on one mitigation

technology or one mode of transport will not be su�cient. I provide a novel method to evaluate urban

passenger land transport GHG emission mitigation pathways and to provide insights relevant to the

design of urban targets and policies.

6.2 Introduction

Home to more than half of the world's people (United Nations, 2019) and responsible for 75% of global

GHG emissions from �nal energy use (Seto et al., 2014), cities are at the forefront of the �ght against

climate change (Rosenzweig et al., 2018). Urban transport, a key component of cities' economic de-
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velopment, emit around 14% of global urban GHG emissions (Sims et al., 2014). While the majority

of these emissions come from higher-income countries, important growths is expected in countries with

increasing urbanization rates, such as in Asia (Mittal et al., 2016) and Africa (Luo et al., 2020). It

is therefore critical to mitigate the GHG emissions from urban transport to respect ambitious climate

targets.

Urban transport consists of passenger and freight transport classi�ed into land-, water-, and air-based

systems. Globally, around 40% of transport GHG emissions are from passenger land-based systems

(Sims et al., 2014). There are two main approaches to estimate the GHG emissions from passenger land

transport at an urban scale: top-down and bottom-up approaches. Top-down approaches use fuel use

data to give aggregated estimates, but do not have any technological details (Toledo and Rovere, 2018).

Bottom-up approaches can be re�ned at a microscale (e.g., road segment for a given hour) using tra�c

assignment models (Wang et al., 2018), or tra�c censuses (Reckien et al., 2007). Microscale estimates

have high resolution but focus only on on-road emissions, and are computationally and data intensive

(Samaras et al., 1995). Bottom-up approaches can be applied at a macroscale using vehicle populations

and average vehicle activity (Li and Chen, 2019; Ding et al., 2019; Glensor and Mar��a Rosa Mu~noz,

2019; Tan et al., 2018; Li et al., 2018a; Bohnes et al., 2017; Duan et al., 2017; Fan et al., 2017; Mittal

et al., 2016; Aggarwal and Jain, 2016; Peng et al., 2015; Wang et al., 2015; Hao et al., 2014; Ahanchian

and Biona, 2014; Chavez-Baeza and Sheinbaum-Pardo, 2014; He et al., 2013; Huo et al., 2011; Rayle

and Pai, 2010). Such studies can comprise all passenger land transport modes (e.g., private cars, buses,

rail transit) and assess prospective scenarios. However, the majority of macroscale bottom-up studies

omit vehicle production emissions that can represent 20% of the life cycle GHG emissions of a vehicle

(Bohnes et al., 2017). Therefore, more comprehensive tools should be used to assess urban passenger

land transport, such as LCA. Among the reviewed studies, some applied LCA to urban passenger land

transport (Bohnes et al., 2017; Ding et al., 2019; Duan et al., 2017; Glensor and Mar��a Rosa Mu~noz,

2019; Kimball et al., 2013; Li et al., 2018b), but most focused on one transport mode (e.g., private cars)

and only one performed a complete LCA of urban passenger land transport, using China as a case study

(Duan et al., 2017).

There are three primary sets of strategies to mitigate the GHG emissions from passenger transport:

avoid, shift and improve (ASI) (Dalkmann and Brannigan, 2007). The �rst set of strategies aims to

avoid or curtail the travel demand by implementing measures that reduce the need for travel and the

trip length. The second set seeks to promote transport modal shift from the higher carbon-intensity

transport modes (i.e., private cars) to lower carbon-intensity modes. Finally, the third set addresses the

need to improve vehicle and fuel carbon-intensity as well as to optimize transport infrastructure. But

these GHG emission mitigation strategies must be approached comprehensively with a life cycle approach

as they could shift the emission sources. For example, EVs have no direct vehicle exhaust emissions but

imply upstream electricity generation emissions (Wu et al., 2019b) and require batteries that are energy

intensive to produce (Ellingsen et al., 2016). In addition, climate change is proportional to cumulative

global GHG emissions (Matthews et al., 2009), and preventing more than 1.5°C global warming would

require global, national and urban GHG emission budgets to be respected and operationalized for clear

political and technological targets (Trancik et al., 2014).

Several studies attempted to outline GHG emission mitigation pathways for passenger transport to

remain within ambitious climate targets. They used Integrated Assessment models (IAMS), market

equilibrium models that represent the interactions of energy, water, land, socioeconomic and climate at
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regional and global scales (Gidden et al., 2018). However, their geographical scopes are at global (Hache

et al., 2019; Edelenbosch et al., 2017; Girod et al., 2012) or national levels (Dhar and Shukla, 2015;

Dhar et al., 2017, 2018). As all jurisdictions have distinct 
eet turnovers (e.g., median vehicle lifetime)

and characteristics (average fuel consumption, weight, technology market share), this lack of spatial

resolution prevents the GHG emission mitigation pathways from being relevant at an urban level. In

addition, IAMs do not include the vehicle production GHG emissions (Wolfram and Hertwich, 2019) and

potentially underestimate the implications of mitigation strategies that shift emission sources between

sectors (McDowall et al., 2018). Therefore, there is a need for assessment models that capture the life

cycle GHG emission shifts of mitigation strategies at an urban scale, and outline the GHG emission

mitigation pathways required to respect ambitious climate targets. In this chapter, I address the above

research gaps by developing a model that 1) comprehensively assesses the current and prospective life

cycle GHG emissions of urban passenger land transport; 2) accurately estimates the dynamics of the

GHG emission mitigation measures; and 3) outlines at an urban-scale the GHG emission mitigation

pathways that are consistent with a global mean temperature change target. I apply the model to a case

study in Singapore, as justi�ed below.

6.3 Methods

I develop a model, entitled CURTAIL (Climate change constrained URban passenger TrAnsport Inte-

grated Life cycle assessment), to assess the GHG emissions of urban passenger land transport and to

outline the set of mitigation strategies required to respect ambitious climate targets. CURTAIL com-

prises �ve modules: Passenger transport, Fleet, GHG emission, GHG emission budget and Mitigation

modules (Figure 6.1). The Passenger transport module calculates the motorized passenger transport ac-

tivity of the main transport modes. The Fleet module simulates the annual stocks, sales and scrappage

of vehicles by transport mode, vehicle technology (e.g., internal combustion engine, EVs) and vehicle

age, and the resulting fuel use. The GHG emission module quanti�es the life cycle GHG emissions of

vehicle manufacturing, fuel production, and fuel use. The GHG emission budget module estimates the

cumulative GHG emission budgets for urban passenger land transport consistent with global warming

below 2 °C and 1.5 °C above pre-industrial levels, from global emission pathways developed by IAMs.

Finally, the Mitigation module seeks the set of strategies to remain within the GHG emission bud-

gets with a scenario-based prospective assessment. The mitigation strategies are categorized with the

avoid-shift-improve approach. Figure 6.1 presents a summary of the model.

The following sections brie
y describe the choice of Singapore as a case study, the modules within

the model, and the data and assumptions to apply the CURTAIL model in Singapore from 2005 to 2050.

A complete set of data and assumptions is provided in appendix D.
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Figure 6.1: Representation of the CURTAIL model

6.3.1 Case Study: Singapore

Singapore is a city-state with a population of 5.6 million and density of 7,860 person/km2 in 2018 (United

Nations, 2020). It emitted 47 Mt CO 2 from fuel combustion in 2017 or 8.5 t CO2/capita, well above

the 4.4 t CO2/capita global average (International Energy Agency, 2019c). Land transport in Singapore

accounts for more than 14% of national GHG emissions (International Energy Agency, 2019c). Singapore

aims to become a leading sustainable city of the future and pledged to keep global temperature rise this

century to well below 2 °C above pre-industrial levels, and to strive to limit it to 1.5 °C (Singapore

National Environmental Agency, 2018a). However, Singapore intends to reduce its emission intensity

by 36% below 2005 levels by 2030 (Singapore National Environmental Agency, 2018a) and the current

global intended nationally determined contributions (INDCs) are not ambitious enough to limit global

warming to 2 °C (Iyer et al., 2015). Therefore, Singapore must strengthen its mitigation e�orts. There

is no information on the GHG emission implications of mitigation measures in urban passenger land

transport in Singapore employing a life cycle approach. I select Singapore as a case study to apply the

CURTAIL model due to its city-state nature and its strong commitments toward sustainability.

6.3.2 Passenger Transport Module

The Passenger transport module of CURTAIL calculates the passenger activity (PKT m;y in passenger

kilometers travelled or pkt), the 
eet-wide vehicle activity ( V KTm;y in vehicle kilometers travelled or

vkt), the average annual distance travelled by one vehicle (AV KT m;y in kilometers), and the vehicle load

factor (LF m;y in passenger/vehicle) for all relevant urban passenger transport modes (m) from historical
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data and for prospective scenarios (y), as per equations 6.1, 6.2 and 6.3.

LF m;y =
Rm;y � TDm;y

V KTm;y
(6.1)

PKT m;y = V KTm;y � LF m;y = Rm;y � TDm;y (6.2)

AV KT m;y =
V KTm;y

V ehPopm;y
(6.3)

With Rm;y the annual average ridership in passenger.trip/year,TDm;y the annual average trip dis-

tance in km/trip and V ehPopm;y the vehicle population in vehicle.

For the case study of Singapore, I identify nine passenger transport modes: Private car, Private

hire car, Taxi, Motorcycle, Public bus, School bus, Private bus, Mass Rapid Transit (MRT), and Light

Rail Transit (LRT). Historical values from 2005 to 2019 derive from the Land Transport Authority

data (2020k), and I create prospective scenario from 2020 to 2050, as described below in the Mitigation

module. Section D.1.1 contains details of the collected data.

6.3.3 Fleet Module

The Fleet module annually estimates the stock of vehicles by transport mode, technology and age. Con-

ventional technologies (i.e., internal combustion engine vehicles using gasoline or diesel) and alternative

technologies (i.e., compressed natural gas (CNG), hybrid electric, plug-in hybrid electric and battery

electric vehicles) are considered through technology market shares. Every year, the on-road vehicle

stock by technology for a transport mode is composed of all surviving vehicles from the previous year

and new incoming vehicles (as per equation 3.1 in Chapter 3).

For prospective simulations, I �rst estimate the prospective passenger and vehicle activities by trans-

port mode from the Passenger Transport Module. Then, I convert vehicle activities into prospective

vehicle stocks using average annual distance travelled by one vehicle (equation 6.3). Finally, I calcu-

late the amount of new incoming vehicles by technology from the estimates of surviving vehicles, using

survival rates, and the prospective technology market shares. I assume that average annual distances

travelled by one vehicle are constant across the technologies within a mode. This method considers the

transient e�ects of new technology penetration in 
eets. The module estimates the on-road fuel use

by fuel type from vehicle fuel consumption, 
eet stock, and vehicle activity by transport mode, vehicle

technology, fuel type and production year.

For the case study of Singapore, I acquire the historical vehicle stock by transport mode, technology

and age from the Land Transport Authority data (2020k). I consider four fuel types: gasoline, diesel,

CNG, and electricity. I do not consider biofuels or hydrogen as Singapore as currently no mandate

for their integration. The average fuel consumption values by transport mode, vehicle technology, fuel

type and production year derive from various sources: empirical studies for motorcycle (Koossalapeerom

et al., 2019) and conventional bus (Zhang et al., 2014), manufacturer ratings for electric bus (BYD

Singapore, 2019), two reports of the Singapore's Mass Rapid Transit (SMRT) Corporation for MRT and

LRT (2016a; 2016b), manufacturer registration estimates and a fuel economy dataset for conventional

cars, and model-speci�c fuel consumptions for alternative car technologies (Land Transport Authority,

2020c). I adjust the fuel consumption data to re
ect the higher real-world fuel consumption (Element
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Energy Limited, 2015), driven especially by the important air conditioning auxiliary loads in Singapore

(Johnson, 2002). I use a top-down approach from on-road gasoline consumption (International Energy

Agency, 2020) to calculate on-road degradation factors for cars, and use empirical studies for other

modes and technologies (Hao et al., 2019; Zhou et al., 2016). I assume the prospective fuel consumption

data by vehicle type to remain constant.

6.3.4 GHG Emission Module

The GHG emission module estimates the life cycle GHG emissions of urban passenger land transport

from the 
eet stock and fuel use of the Fleet module coupled with life cycle GHG emission factors for

each fuel and vehicle type. It can comprise the vehicle exhaust, fuel production, vehicle production and

infrastructure construction emissions.

For the case study of Singapore, I do not account for infrastructure construction and train manu-

facturing (for MRT and LRT) emissions, due to their low estimated contributions (Bohnes et al., 2017;

Kimball et al., 2013) and the lack of data. The vehicle exhaust and fuel production emissions are esti-

mated from the CO2 combustion emissions recommended by the International Panel on Climate change

(IPCC) (2006b), the well-to-tank GHG emissions of gasoline, diesel and CNG from the GREET model

due to the lack of local data (Argonne National Laboratory, 2014), and electricity generation emissions

in Singapore derived from natural gas (Finenko and Cheah, 2016). Finally, I assess the production emis-

sions of buses and motorcycles with life cycle emission factors derived from the ecoinvent v3.6 database

(Wernet et al., 2016) using the 100-year Global Warming Potentials of the IPCC �fth assessment report

(Stocker et al., 2013) with climate-carbon feedbacks simulated through the Brightway software (Mu-

tel, 2017). The production emissions of cars come from a recent study (Kawamoto et al., 2019) using

Japanese data, Japan being the primary producer of private vehicles in Singapore (United Nations Sta-

tistical Division, 2019). For plug-in hybrid and battery EVs, I add the battery production emissions to

the vehicle production emissions from model-speci�c battery capacity and battery production emission

factors (Kim et al., 2016).

Equation 6.4 summarizes the procedure followed by the CURTAIL model to calculate the GHG

emissions of urban passenger land transport, as applied in Singapore from 2005 to 2050.

Ey =
X

m

X

t

((
X

a

X

f

Stocky;m;t;a � AV KT y;a;m � FCy;m;t;a;f � (CEFy;f + UEFy;f ))+ Salesy;m;t � PEFm;t )

(6.4)

With Ey the GHG emissions of urban passenger land transport at yeary in kg CO2 eq.; Stocky;m;t;a

the stock of vehicles of modem, technologyt and agea; AV KT y;a;m the average annual distance travelled

by one vehicle in km;FCy;m;t;a;f the vehicle on-road fuel consumption of fuelf in L or kWh/km; CEFy;f

the fuel exhaust emission factors in kg CO2 eq./L or kWh; UEFy;f the fuel upstream emission factors

in kg CO2 eq./L or kWh; Salesy;m;t the new vehicle sales andPEFm;t the vehicle production emission

factors in kg CO2 eq./vehicle.

6.3.5 GHG Emission Budget Module

The GHG emission budget module evaluates GHG emission budgets for urban passenger land transport

consistent with global warming below 1.5°C and 2 °C. It uses global CO2 emission pathways developed
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by IAMs (Gidden et al., 2018) that describe realistic temporal and spatial distributions of CO2 emissions

consistent with temperature change targets by 2100. Then, it applies the contraction and convergence

approach developed by Meyer (2000) and described by Gignac and Matthews (2015), to downscale the

emission pathways at the national level. This approach consists of sharing a GHG emission budget

amongst nations, while allowing expansions of emissions for the least economically developed nations.

For the case study of Singapore, I use the regional CO2 emission pathways for Asia, as de�ned by the

harmonized CMIP6 emissions data set (Gidden et al., 2018). I calculate the budgets for two convergence

years (i.e., 2040 and 2050) and use the average of the results as a point estimate. More details are

provided in section D.1.6 of appendix D. Then, I downscale the emission pathway at a sectoral level by

assuming that the share of passenger land transport of the national emissions remains at 14% from 2017

to 2050. This assumption implicitly asserts that all sectors participate proportionally in the reductions.

It is not feasible to re�ne the mitigation e�orts by sector in the absence of data on mitigation costs.

6.3.6 Mitigation Module

The aim of the Mitigation module is to outline the set of strategies that balances the urban passenger

land transport emissions with the GHG emission budgets. First, baseline scenarios are created for

the exogenous inputs given the geographical and temporal scopes of the application. Then, mitigation

variables are de�ned based on the avoid-shift-improve framework (Dalkmann and Brannigan, 2007). For

each prospective scenario, the Mitigation module compares the outcomes of the GHG emission module

and of the GHG emission budget module, and seeks the set of variable values that equalizes them.

For the case study of Singapore, I construct prospective scenarios for three variables/inputs that are

representative of the avoid-shift-improve framework: the total motorized passenger transport activity

(avoid), the modal share (shift), and the vehicle technology deployment (improve). The exhaustive

list of assumptions is described in appendix D.1.7. I create one business-as-usual prospective scenario

for total motorized passenger transport activity based on historical transport activity per capita and

population projections (United Nations, 2020). Then, I construct two scenarios of prospective modal

share of passenger transport: private car ubiquity (PC) and public transit development (PT). Since 1975,

Singapore has enacted a series of policies to limit private car usage, with electronic road pricing, and

private car ownership with a vehicle quota system (Diao, 2019). The PC scenario simulates a worst-case

scenario based on a theoretical revocation of current private car control measures. I assume the private

car modal share to increase from 36% in 2020 to 45% in 2030, a reversal of the last 10-year trend. The

PT scenario simulates the goal of the Land Transport Authority to further discourage private car usage

and to invest in mass public transport (Land Transport Authority, 2019). In the PT scenario, I assume

an increasing modal share of public transit (i.e., MRT, LRT and Public bus) following the historical

trends between 2009 and 2019, and decreasing modal shares for all other modes. Finally, I create two

scenarios of vehicle technology deployment: constant and electri�cation (EV). The constant scenario

assumes no changes to the technology market shares for all transport modes from 2019 onwards. The

EV scenario assumes a complete electri�cation of bus, taxi and private car 
eets by 2040. It re
ects a

recent objective of Singapore to phase out all internal combustion engine vehicles by 2040 (Government

of Singapore, 2020). For each baseline scenario, I seek the set of mitigation variable values; among the

total motorized travel activity (avoid), the public transit modal share (shift), and the EV share in new

vehicles (improve); that equalizes the GHG emissions with the GHG emission budgets.
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6.4 Results and Discussion: Case Study of Singapore

In this section, I present the application of the CURTAIL model to Singapore. I show the historical life

cycle GHG emissions of passenger land transport in Singapore, the prospective emissions by scenarios,

the budgets that are consistent with 1.5°C and 2°C global warming targets, and the mitigation pathways.

6.4.1 Historical GHG Emissions of Passenger Land Transport in Singapore

Life cycle GHG emissions from urban passenger land transport in Singapore accounted for 5.1 Mt CO2

eq. in 2019, from the application of CURTAIL to Singapore. Private cars were responsible for the largest

share, i.e., 66% of the emissions (Figure 6.2a), while they only represented 35% of the passenger activity

(in pkt) by motorized transport. Conventional private cars using gasoline emit 0.16 kg CO2 eq./pkt

throughout their life cycle, while conventional public buses using diesel emit 0.075 kg CO2 eq./pkt (see

Figure D.9 in appendix D). Conventional private cars are therefore the most carbon-intensive passenger

land transport modes and the �ndings are aligned with results of other studies (Duan et al., 2017; Chester

and Horvath, 2009).

Between 2005 and 2019, direct vehicle exhaust emissions contributed to 70% of the cumulative life

cycle GHG emissions from passenger land transport in Singapore (Figure 6.2b). Emissions generated

during the fuel upstream (e.g., diesel, gasoline and electricity production) and vehicle production phases

represented 20% and 10% of the cumulative emissions, respectively. Therefore, GHG emission mitigation

strategies should not only focus on direct vehicle exhaust emissions, but indirect emissions as well.

6.4.2 Prospective GHG Emissions and Mitigation Gaps

The current measures to decrease passenger travel through private car usage and ownership control, and

public transit network development could reduce the cumulative 2018-2050 GHG emissions of passenger

land transport in Singapore by 51 Mt CO2 eq. or 27% (from PC-Constant to PT-Constant scenarios in

Figure 6.3). Indeed, if trends in private car travel activity reverse in the next decade due to a lack of

stringent measures (PC-Constant scenario), annual GHG emissions from passenger land transport could

reach 6.2 Mt CO2 eq. for 0.89 million on-road private cars by 2050 (see Figure D.8 in appendix D), with

a cumulative total of 192 Mt CO 2 eq. from 2018 to 2050. The planned private car control and public

transit development measures (PT-Constant scenario) could reduce the private car population to 0.50

million vehicles by 2050, and increase the modal share of public transit from 54% in 2019 to 65% in

2030.

On top of the public transit development, improving vehicle technologies with a complete electri�-

cation of the vehicle 
eets in Singapore by 2040 could further reduce the cumulative 2018-2050 GHG

emissions by 33 Mt CO2 eq. or 23% (Figure 6.3). Such reductions are associated with a decrease in

gasoline use from 1.1 GL in 2019 to 0 in 2050, and an increase in electricity use from 0.25 TWh in 2019

to 5.5 TWh in 2050. This noteworthy shift in fuel use implies an 84 Mt CO2 eq. cumulative 2018-2050

GHG emission reduction from gasoline and diesel production and use, and a 37 Mt CO2 eq. increase

from electricity production, if 95% of it is generated from natural gas (Energy Market Authority, 2019).

In addition, a complete electri�cation of the 
eets by 2040 would require the production of 1.5 million

EVs and 40 thousand electric buses between 2020 and 2050. This would represent a 10 Mt CO2 eq.

GHG emission increase in vehicle and component production emissions over the same period. Improving
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Figure 6.2: a) Historical GHG emissions of passenger land transport in Singapore by transport mode
from 2005 to 2019, b) Life cycle stage contribution analysis by transport mode for 2005 and 2019 GHG

emissions.

the vehicle technologies by developing EVs therefore implies a drastic shift in the emission pro�le of the

urban passenger transport.

The maximum GHG emission reductions of the prospective scenarios are obtained with a combination

of electri�cation and public transit deployment. The life cycle GHG emissions of a battery electric

private car (0.093 kg CO2 eq./pkt) are higher on a pkt basis than those of a conventional bus (0.075 kg

CO2 eq./pkt) or of an electric bus (0.046 kg CO2 eq./pkt) (see �gure D.9 in appendix D). Therefore,

the overlaps between these two strategies do not prevent them from being e�ective when implemented

together from a GHG emission mitigation standpoint.

The GHG emission budgets of the urban passenger transport in Singapore consistent with 1.5°C

and 2 °C climate targets are estimated at 60 and 80 Mt CO2 eq. between 2018 and 2050, compared

with 5.1 Mt CO 2 eq. annual emissions in 2019. The current policy measures and goals of public transit

development and electri�cation (PT-EV scenario in �gure 6.3) could result in 107 Mt CO 2 eq. cumulative

GHG emissions over this period, creating a mitigation gap of 47 Mt CO2 eq. for a 1.5°C climate target.

Additional mitigating actions therefore need to be explored to remain within the budgets.
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Figure 6.3: Cumulative GHG emissions from 2018 to 2050 for Singapore by prospective scenario with
life cycle stage contribution and 2018-2050 GHG emission budgets consistent with 1.5°C and 2 °C

climate targets. Prod. means production.

6.4.3 GHG Emission Mitigation Pathways Consistent with Ambitious Cli-

mate Targets

Avoid

The level of motorized travel activity is a�ected by urban density, economic development, and trans-

portation infrastructure (Mishalani et al., 2014; Newman and Kenworthy, 2015). Therefore, reductions

in motorized travel activity require changes in human behavior and settlement patterns. The main

strategies include increasing urban density, promoting mixed-use land area with multiple services to

decrease the numbers of trips and/or shorten trip lengths (Mashayekh et al., 2012), and encouraging

nonmotorized transport modes, such as walking and biking, by improving accessibility to these services

(Moriarty, 2016). Moriarty and Honnery (2013) also argue that convenience of private vehicle travels

should be o�set with higher monetary costs (e.g., fuel tax, congestion fees) to limit super
uous trips.

However, given the longevity of infrastructures (Moriarty and Honnery, 2013), changes in urban density

can take many decades and present risks such as reducing mobility and accessibility to jobs (Moore

et al., 2010). In addition, there is a density threshold e�ect (Ewing and Cervero, 2010) that prevents

reductions in travel demand from inde�nitely following changes in settlement patterns.

If the current passenger land transport measures in Singapore are respected without additional

measures being taken, motorized travel activity should be reduced at annual rates of 3.3% and 4.1%

from 2020 to 2050 to be consistent with 2°C and 1.5 °C climate targets, respectively. It would lead

to 63% and 72% less motorized travel per capita in 2050 than in 2019. Singapore is highly dense and

already well advanced in limiting private car travels, but it can pursue more policies oriented toward

fostering telecommuting and promoting accessibility (Rojas L�opez and Wong, 2017). For example,

Newman and Kenworthy (2015) estimated that 16.3% of the daily trips in Singapore were made with

nonmotorized transport modes in 2005-2006, higher than many U.S. cities but lower than some European

cities where more than 50% of the daily trips use nonmotorized modes. It is important to note that
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even if Singapore achieves the level of the current best cities in terms of nonmotorized travel by 2050

(a decreasing annual rate around 2%), it will exceed its 2°C GHG emission budget. Therefore, the

level of reductions previously outlined seems hardly achievable and probably undesirable regarding their

potential economic and social implications. It reveals the depth of the required mitigation.

Shift

Public transit ridership depends strongly on investments in infrastructure but also on land use designs,

resident's behaviours (Kimball et al., 2013) and convenience of private vehicle trips (Moriarty and Hon-

nery, 2013). Similarly to the challenges of reducing motorized travel, changes take decades and directly

a�ect the economic development of urban centers (Kim et al., 2015a). In addition, it is impractical to

replace all personal travel with public transit, as many trips would be economically and energetically

under-productive to duplicate with public transport, for example those late at night and in low-density

areas (Moriarty and Honnery, 2013). Such services would have to be either sparse, therefore limiting

personal mobility, or with low occupancy, which would be more energy intensive than trips with private

vehicles. One perverse e�ect may also arise if the intense promotion of public transit increases the total

motorized passenger travel due to shifts from active mobility (Reckien et al., 2007).

In Singapore, if motorized travel activity per capita remains constant in the next decades, emission

levels consistent with a 2°C climate target would imply 100% of trips from public transit as early as

2032 assuming no vehicle technology changes, and by 2041 assuming the planned 
eet electri�cation.

This represents percentage point changes of 6% and 3% per year, or 4 and 2 times faster deployment

than trends of the last decade (i.e., average of +1.5 % point changes per year for public transit modal

share changes between 2010 and 2019). In addition, the sole shift of transport modes is not consistent

with a 1.5 °C climate target. With its high urban density and its large investments in public transit,

Singapore already possesses one of the highest public transit passenger kilometers travelled per capita

(Newman and Kenworthy, 2015). The exhibited reduction levels seem hardly achievable but once again

emphasize the depth of the required mitigation.

Improve

The GHG emission mitigation potential of electri�cation depends on the sources of electricity production

and on the EV deployment level. In Singapore, as of 2019, 95% of electricity is produced from natural gas

(Energy Market Authority, 2019) with a GHG emission intensity around 0.4 kg CO 2 per kWh (Finenko

and Cheah, 2016). The potential for local renewable energy sources such as geothermal, hydroelectricity,

wind, tidal and wave is low (Quek et al., 2018). The only viable local solutions are solar and biogas

but could provide at best 6 TWh of electricity per year, or 12% of current needs (Quek et al., 2018),

because of space and resource limitations. Therefore, deep mitigation strategies will rely on imports

from neighboring countries, such as Malaysia (Quek et al., 2019). For example, Quek et al. (2019)

developed a scenario of transition to 100% renewable electricity by 2040 for Singapore and surrounding

regions assuming large energy imports. But the feasibility of such a scenario also depends on the growth

in electricity demand, and complete electri�cation of passenger 
eets could represent an important

additional load (e.g., 5.5 TWh or around 10% of the 2019 electricity production if the 
eet electri�cation

occurs in 2040 (Energy Market Authority, 2019)).

Figure 6.4 presents the 2018-2050 cumulative GHG emissions of passenger land transport for multiple


eet-wide electri�cation target years between 2030 and 2050 and average electricity GHG intensity. A
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faster 
eet electri�cation reduces the cumulative GHG emissions for a given electricity emission intensity.

However, faster electri�cation also implies a faster deployment of electric power capacity to feed the EVs

and therefore a larger hurdle to transition. Only combustion emissions of fuel use during the electricity

conversion phase are included in this chapter, and not the upstream emissions from, for example, the

fuel production and plant construction phases for electricity generation. Renewable sources such as solar

panels have life cycle emissions, and a life-cycle burden-free power system is impossible without carbon

capture and storage technologies (van Vuuren et al., 2013).

In Singapore, to be consistent with a 2°C climate target under the current passenger land transport

measures (i.e., public transit development and complete electri�cation by 2040, PT-EV scenario), the

electricity GHG intensity of EVs and buses should average 0.1 kg CO2 per kWh from 2020 to 2050. The

scenario assessed by Quek et al. (2019) would be consistent with this goal. At this level of mitigation in

the power system, national emission levels would even be consistent with a 1.5°C target. This illustrates

the cross-sectoral implications of solutions that rely on technological shifts, such as EVs, and the need

for concurrent cross-sectoral analyses and strategies.

Figure 6.4: 2018-2050 cumulative GHG emissions of urban passenger land transport in Singapore for
two modal share scenarios under various electricity GHG intensities and 
eet electri�cation target

years and indicating 1.5°C and 2 °C climate target budgets.
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Combining avoid-shift-improve strategies

In the previous sections, I have revealed the depth of the required mitigation strategies if they are

deployed separately. A focus on a single strategy is unlikely to be su�cient to respect ambitious climate

targets. A diversity of strategies is also required in other sectors at urban, national and international

scales, as outlined by the stabilization wedges developed by Pacala and Socolow (2004). Figure 6.5

shows the cumulative 2018-2050 GHG emissions of urban passenger land transport in Singapore when

the three levers of the ASI framework are simultaneously ameliorated. The scales of the mitigation

variable values are derived from the previous discussions. There are countless combinations of solutions

that are consistent with ambitious climate targets, each requiring quick commitments in motorized travel

activity reduction, public transit deployment, electri�cation and electricity decarbonization.

Figure 6.5: 2018-2050 cumulative GHG emissions of urban passenger land transport in Singapore
under multiple prospective motorized travel activity growth rates, public transit modal share changes,
complete electri�cation target years and electricity GHG intensity scenarios and indicating 1.5 °C and

2 °C climate target budgets. Arrows show directions of mitigation for each mitigation variable.

6.5 Capability of the CURTAIL model and conclusion

In this chapter, I develop a novel model, the CURTAIL model, and apply it to a case study in Singapore.

The aim of the model is to assess the life cycle GHG emissions of urban passenger transport and to

outline the set of mitigation strategies that are consistent with 1.5 °C and 2 °C global warming targets.

The model could be applied to any city to provide insights on current or prospective GHG mitigation

measures and goals, and to quantify the required mitigation e�orts while accounting for emission source

shifts. It is simple enough to be applied with basic input data, and comprehensive enough to account for

the complex interactions of urban passenger transport with other economic sectors. I provide in section

D.3 of appendix D guidance to apply the CURTAIL model to any speci�c case study. More speci�cally,
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I suggest steps to follow and practical recommendations to collect the required input data.

The application of CURTAIL involves local input data, such as vehicle fuel consumption, vehicle

survival rates, transport activity and modal share, and the de�nition of mitigation levers. In my case

study I focus on three mitigation variables (i.e., total motorized transport activity, public transit modal

share and electri�cation target year) as they are representative of the discussions and mitigation strategies

in Singapore. Each city is confronted with its own set of challenges regarding population density, spatial

layout, economic development and governance, and should therefore consider its own set of strategies. In

the application of the CURTAIL model, a complexity may arise in the downscaling of the global emission

pathways at an urban level. As Singapore is a city-state, the downscaling from national to urban levels

has been simpli�ed in the case study. For cities within larger countries, the contraction and convergence

approach could be adapted to provide a more re�ned downscaling. Cities could bene�t from applying

the CURTAIL model and develop evidence-based political goals and measures.

The capability of the model could be improved by integrating more exogenous inputs with energy

and transport models. For example, transport activity and modal share are independently modelled in

my case study while many feedback loops exist between them. Another important addition would be

an uncertainty analysis capability to provide more con�dence in the results instead of point estimates.

Large uncertainties exist in the di�erent components of the model, especially in the GHG emission

budget module as it uses CO2 emission pathways derived from IAMs and applies a downscaling approach.

Finally, the model could be extended to include co-bene�ts of GHG emission mitigation strategies. For

example, the electri�cation of passenger transport limits the sources of mobile combustion emissions and

generally imply air quality improvements (Tessum et al., 2014; Wu and Zhang, 2017). In the short-term,

the co-bene�ts can be limited if electricity is produced from thermal sources (Wu and Zhang, 2017; Gai

et al., 2020) that are located close to densely populated areas, but maximized in the longer-term with

deep cross-sectoral GHG emission mitigation (Li et al., 2019). Additionally, a reduction in motorized

travel activity leads to an increase in physical activity and a reduction in road tra�c injuries, ultimately

bringing health bene�ts (Woodcock et al., 2009). More generally, the monetary, social and environmental

costs of the potential mitigation solutions could be included to assess the sustainability of the potential

pathways.

The application of the CURTAIL model in Singapore reveals an important point. It emphasizes the

depth of the cross-sectoral mitigation e�orts required to be consistent with ambitious climate targets.

Deep reductions are rapidly needed in all sectors and all potential strategies should be used, from

promoting active mobility to deploying EVs. Focusing on one technology or one mode of transport will

not be enough.
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Conclusion

7.1 Summary of Chapters

This dissertation bridges several gaps in the literature of light-duty vehicle (LDV) environmental assess-

ment. It develops methods to include both the re�ned and comprehensive perspectives of LCA, and the

global and integrated perspectives of Integrated Assessment Models (IAMs). The aim of this dissertation

is to answer three overarching research questions, applied to di�erent case studies:

ˆ What are the life cycle GHG emissions of LDV 
eets at national and urban scales?

ˆ What are the life cycle GHG emission implications of large-scale deployment of mitigation strategies

in LDV 
eets?

ˆ What are the GHG emission mitigation pathways for LDV 
eets to maintain global warming below

2 °C, and ideally below 1.5°C relative to pre-industrial levels?

Chapter 3 develops a 
eet-based life cycle model, entitled the FLAME model (Fleet Life cycle

Assessment and Material-
ow Estimation), and examines the life cycle GHG emission implications of

lightweighting the U.S. LDV 
eet. I estimate that implementation of an aggressive lightweighting scenario

using aluminum reduces 2016 through 2050 cumulative life cycle GHG emissions from the U.S. LDV 
eet

by 2.9 Gt CO2 eq. (5.6%). Lightweighting has the greatest GHG emissions reduction potential when

implemented in the near-term, with two times more reduction per kilometer traveled if implemented in

2016 rather than in 2030, due to the expected improvements in vehicle e�ciency. Therefore, delaying

implementation by 15 years sacri�ces 72% (2.1 Gt CO2 eq.) of the cumulative GHG mitigation potential

through 2050. Lightweighting is an e�ective solution that could provide important near-term GHG

emission reductions especially during the next 10-20 years when the 
eet is dominated by conventional

powertrain vehicles. But lightweighting is not a stand-alone measure to achieve deep reductions.

Chapter 4 enhances the capability of the FLAME model by modelling the interactions of fuel

characteristics and vehicle e�ciency, and analyzes the WTW GHG emission implications of deploying

mid-level ethanol blends in Canada's LDV 
eet. I evaluate that the deployment of low and mid-level

ethanol blends, such as E10, E15 or E25, could reduce the 
eet WTW GHG emissions in 2030 by 7.2%

assuming the use of corn and wheat ethanol, and by up to 13.4% assuming cellulosic ethanol. The octane
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enhancing e�ect of ethanol is responsible for up to 30% of the reductions, but would require coordination

among vehicle manufacturers, re�ners and policymakers. Overall, mid-level blends can materially reduce

GHG emissions of the Canadian LDV 
eet, but represent less than 1/5 of the reductions required for

the LDV 
eet to achieve the Canada's pledge under the Paris Agreement (emissions 30% below 2005

levels).

Chapter 5 augments the FLAME model with a backcasting procedure to outline the GHG emission

mitigation pathways for LDV 
eets to maintain global warming below 2 °C, and focuses on the electri�-

cation of the U.S. LDV 
eet. I appraise that current U.S. policies yield mitigation gaps; and closing the

mitigation gaps by betting solely on EVs would require more than 350 million on-road EVs (89% of the


eet), half of national electricity demand and excessive amounts of critical materials to be deployed in

2050. Improving average fuel consumption of conventional vehicles, with stringent standards and weight

control, would reduce the requirement for alternative technologies, but is unlikely to fully bridge the

mitigation gap. There is therefore a need for a wide range of policies that include measures to reduce

vehicle ownership and usage.

Chapter 6 integrates all passenger land transport modes at an urban level and develops the CUR-

TAIL model (Climate change constrained URban passenger TrAnsport Integrated Life cycle assessment).

It considers a broad set of mitigation strategies, based on the avoid-shift-improve framework, and seeks

the combinations of mitigation strategies for urban passenger land transport consistent with 2°C and

1.5 °C global warming targets. In the chapter, the CURTAIL model is applied to the case study of

Singapore. I assess that in Singapore, current public transit and electri�cation targets could reduce

the GHG emissions of urban passenger land transport by 50% in 2050. It would nonetheless require 47

Mt CO 2 eq. of additional reductions between 2018 and 2050, or an additional 44% reductions, to be

consistent with a 1.5 °C global warming target. Achieving this level of mitigation would require strong

commitments in the transport and electricity sectors, such as reducing the motorized passenger activity,

rapidly increasing the deployment of public transit, electrifying all passenger modes as early as possible

and decarbonizing the power system. Focusing on one technology or one mode of transport will not be

enough.

7.2 Research Contributions

The research contributions of this dissertation cover contributions to the �elds of LCA, transport models

and climate science, and to society at large. In addition, I have ensured that my work is meticulously

described, with extended supplementary information in all publications and in the appendices of this

dissertation, and therefore reproducible. Finally, I have shared the FLAME model on public reposito-

ries, such as GitHub and Zenodo (https://doi.org/10.5281/zenodo.2548012), to foster further reuse and

improvements.

Contributions to LCA

LCA, as a product-based assessment tool, su�ers from many limitations and cannot provide a clear

agenda for climate change mitigation strategies. In my research, I have developed methods expanding

the boundary of LCA at a 
eet-level to quantify GHG emission implications of mitigation strategies as

a function of space and time. This approach is not novel, but I successfully developed novel models with

high technological resolutions that include bottom-up physics-based representations of vehicle attributes

80



CHAPTER 7

(e.g., vehicle material composition, weight, and fuel consumption) and their interactions (chapter 3); and

bottom-up physics-based representations of fuel attributes (e.g., octane rating, heating value) and engine

e�ciency (chapter 4). Therefore, one of my research contributions is to combine the high technological

resolution of LCA with the temporal and dynamic perspectives of LDV 
eet models.

Contributions to LDV Fleet Models

LDV 
eet models enable the prospective assessment of LDVs and their interactions with other economic

sectors for energy planning purposes. I developed LDV 
eet models in the U.S. and in Canada; and

a 
eet model of urban passenger land transport in Singapore. Some previous U.S. LDV 
eet models

existed (e.g., the VISION model developed by Argonne National Laboratory (Zhou and Vyas, 2014))

but I developed the �rst one for Canada (in chapter 4). The procedure I developed to overcome the lack

of data in Canada is a major research contribution. In addition, to my knowledge, I developed the �rst

urban passenger land transport 
eet model that combines the motorized travel activities by transport

mode with 
eet turnovers (chapter 6). This model can be used for prospective assessment of various

policies in urban passenger land transport such as vehicle scrappage programs, vehicle usage restrictions,

or public transit development.

Contributions to Climate Change Mitigation Science

Combining environmental assessment and climate science is a di�cult task; but a necessary one to outline

practical solutions to tackle climate change. In my work, I develop an innovative procedure based on

IAMs to quantify national and sectoral GHG emission budgets. Then, I develop a backcasting procedure

in the 
eet-based assessments to outline mitigation pathways under ambitious climate targets. This novel

hybrid approach enables the use of transport models with high technological and spatial resolution, while

acknowledging the potential mitigation e�orts from other sectors, cities and countries. It circumvents the

traditional paradigm of either developing models tailored to a speci�c country or a city with approximate

top-down GHG emission reduction goals, or using IAMs with global mitigation pathways.

Contributions to Society

Finally, applying the above methods and models to di�erent mitigation strategies (e.g., lightweight-

ing, biofuel, EVs, modal shift), and di�erent case studies (U.S., Canada, Singapore) reveals three key

messages:

ˆ There is no technological silver-bullet. Deploying alternative fuels, vehicles or transport

modes could reduce, but also shift, the emission sources. There is no universal burden-free solution;

and the GHG emission reductions should come from a myriad of solutions, tailored to the resources

and needs of the a�ected communities. Eventually, technological development itself should not be

a silver-bullet; and we should be willing to reassess our transport needs.

ˆ There is an urgency to act. Ultimately, we have had no real trajectory change in the past

decade regarding global GHG emissions; and our remaining GHG emission budget to maintain

global warming is dwindling. Global changes will take time to implement, and the transport

sector has a high latency. Replacing all conventional vehicles with alternative vehicles, deploying

alternative fuels, reshaping our settlement patterns will take decades. We need to act now.
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ˆ No mitigation e�orts should be spared. Safeguarding the political, social and economic

stabilities of human societies in the face of global warming will require all our e�orts. Not a single

country, city, or economic sector will be spared; and we should work collaboratively to tackle

this daunting task. The principle of common but di�erentiated responsibilities should however be

respected regarding the timing of the mitigation e�orts. Mitigation e�orts should be intense but

equitable.

7.3 Limitations and Future Work

The End of Vehicle Ownership?

One of the key limitations of the developed LDV 
eet models (chapters 3, 4 and 5) is the assumption of

continued vehicle ownership in the coming decades. Indeed, the prospective LDV 
eet stocks and travel

demand assume no important changes to the way people own and use LDVs. Nonetheless, interests for

new mobility solutions have surged in the last decade.

Mobility as a Service (MaaS) is a mobility concept that promotes buying mobility services tailored

to user needs rather than buying mobility means (Jittrapirom et al., 2017). It can consist of a platform

that suggests all the mobility solutions in a given location (e.g., public transit systems, bike sharing,

car sharing) (Jittrapirom et al., 2017), or a platform that matches the commuters (e.g., a private user

going from A to B) with the suppliers of transport services to provide an integrated and seamless travel

(Kamargianni et al., 2016). A recursive component of MaaS is the rise and integration of autonomous ve-

hicles (Fagnant and Kockelman, 2015). Autonomous vehicles refer to vehicles able to completely operate

without direct driver input. They could drastically change the transportation systems by increasing road

safety, enhancing network e�ciency (Fagnant and Kockelman, 2015), preventing the commuters from

parking hunting (Stephens et al., 2016), or promoting public transit by providing the �rst- and last-mile

services (Chong et al., 2011). Autonomous vehicles could also induce additional travel demands because

of their high convenience (Wadud et al., 2016). Regardless of the technical solutions, the ultimate goal

of MaaS is to reduce the need for owning a vehicle (Goodall et al., 2017), and would therefore drastically

change LDV stock and travel demand.

I have shown in the sensitivity analyses of chapters 3, 4 and 5 that prospective travel demand of

LDVs is a very sensitive factor. Therefore, the GHG emission implications of MaaS should be scrutinized,

and my LDV 
eet models could be adapted to that goal. Chapter 6 partly tackles this limitation by

considering all urban passenger land transport modes.

Attributional Assessment

The underlying environmental assessment assumption I have made in this dissertation is that there is a

steady state in the product systems of the stages and processes included in the assessment boundary. For

example, the GHG emission factors of electric battery production, gasoline production and vehicle man-

ufacturing are assumed constant in the simulations. This assumption brings two important limitations.

First, I do not assume mitigation e�orts in these background processes. Second, I do not assess the

implications of large-scale deployment of passenger transport mitigation strategies on the equilibrium of

other economic sectors.

In chapters 5 and 6, I quantify the required deployment of passenger transport mitigation strategies to
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maintain global warming below 1.5°C or 2 °C with constant GHG emission factors for some background

processes (e.g., battery production, gasoline production). However, all other economic sectors will also

have to participate in GHG mitigation (e.g., e�ciency improvements, low-carbon energy inputs). It

therefore means that the background processes for some of the included emission sources will change,

and will potentially be reduced. One solution to assess the implications of mitigation e�orts in the

background processes on the LDV 
eet GHG emissions is to update a large life cycle inventory database

(such as ecoinvent) with some potential prospective scenarios, for example regarding electricity mixes

or e�ciency improvements, and quantify the updated emission factors. Such an approach has already

been implemented by Mendoza Beltran et al. (2020) or Cox et al. (2018).

In this dissertation I use an attributional accounting approach. Attributional LCA aims to assess the

life cycle of a product or service by assuming a steady state in the product system (Ekvall et al., 2016).

It is often based on historical or average data of industrial processes but may not represent emissions of

future systems (Earles and Halog, 2011). In addition, it does not assess the 
ow changes in response to

decisions or changes in demand of a product (Earles and Halog, 2011). For example, deploying alternative

fuels (chapter 4) may not lead to a 1:1 reduction in crude oil production due to macroeconomic e�ects

from changes in demand and prices (Rajagopal, 2013); closing the material loops of automotive materials

(chapter 3) may not imply a 1:1 reduction in primary material production due to changes in market

prices and equilibrium (Zink and Geyer, 2017); large-scale deployment of EVs (chapters 5 and 6) could

a�ect the stability of power systems and lead to the deployment of responsive electricity technologies,

such as gas-�red turbines (Hawkes, 2014). Therefore, consequential assessments have emerged in the

last decades to go \beyond the physical relationships accounted for in attributional LCA" (Earles and

Halog, 2011). Future work could consist in combining economic models with the models developed in

this dissertation to account for some unattended consequences of mitigation strategies.

Uncertainty in National and Sectoral GHG Emission Budgets

In chapters 3, 4 and 5, I conducted sensitivity analyses on most of the parameters included in the

models. Regarding the sectoral GHG emission budget, I conducted a sensitivity analysis by considering

the lower end of the values found in the literature. However, I did not conduct a sensitivity analysis on

the procedure developed to obtain the GHG emission budgets from the IAMs.

The global cumulative GHG emission budgets for ambitious climate targets are highly uncertain.

They indeed depend on many parameters, such as the mathematical choices of the models, the radiative

forcing models, the set of greenhouse gases included, the permafrost carbon dynamics, or the tipping

points (e.g., point beyond which irreversible impacts occur) of the climate system (Visser et al., 2000;

MacDougall et al., 2015; Lontzek et al., 2015). In addition to the climate model uncertainties, the IAMs

comprise an extensive number of assumptions and parameters (Mittal et al., 2017). Therefore, the range

of values obtained from the suggested procedure (chapters 5 and 6) should be large, and would have an

important in
uence on the results.

In addition to the uncertainty of the values from the procedure, there is a methodological limitation

on the procedure itself. Indeed, I assume that a budget can be determined for a single sector (LDV


eet or urban passenger land transport), regardless of the mitigation strategies implemented. This

assumption is compensated by the life cycle approach: I comprise the direct and indirect emissions of

the sector under focus, and adapt the budget to the system boundary. But, as I assume a steady state

in the background processes of the indirect emissions, I do not include the changes of mitigation e�orts
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in the a�ected processes. As an example, when I calculate a budget for the LDV 
eet, I imply that

there is a budget for the electricity sector. If the LDV mitigation strategy relies on EV deployment, a

large supply of electricity will be needed, and I include the GHG emissions of the additional electricity

in the GHG emissions of the LDV 
eet. However, under this mitigation strategy, the power system

will have a larger capacity, and therefore di�erent mitigation e�orts. Ultimately, the equilibrium of the

budget allocation may be disrupted, preventing the initial estimated budget for LDV 
eet from being

relevant. This limitation can only be solved with an integrated modelling, such as the one developed

by IAMs, that often imply lower technological resolutions on the modelled sectors. Future work could

consist in extending the assessment boundary to all energy systems of a given jurisdiction to prevent

sectoral allocation of budgets.

Co-bene�ts of Mitigation Strategies

The overarching objective of this dissertation is to support the development of policies to maintain global

warming below 2 °C, and ideally below 1.5°C. Therefore, it has a clear focus on GHG emissions. But

the GHG emission mitigation strategies outlined in chapters 5 and 6 have considerable impacts on many

aspects of human and Earth systems.

From an economic standpoint, the most crucial questions relate to the economic costs of climate

change. Stern (2007) estimated that global warming at 5-6°C could bring 5-10% loss in global GDP

each year by the end of this century, with higher costs for the least economically developed countries.

In light of these values, an unequivocal conclusion: "the bene�ts of strong and early action far outweigh

the economic costs of not acting" (Stern, 2007). Nevertheless, the quest for the cost-optimal mitigation

pathway is ongoing (Rogelj et al., 2013). The methods outlined in this dissertation could o�er a high

spatial, temporal and technological resolutions on the pathways for meeting ambitious climate targets,

and be used to estimate parts of the mitigation costs at urban and national levels. For example, the

models could be expanded to include the total cost of ownership of the alternative vehicles (He et al.,

2019), the required standards and subsidies to reach the required deployment levels (Harvey, 2018), or

the needed investments in infrastructure (Peterson and Michalek, 2013).

Air quality improvements are commonly cited co-bene�ts of climate change mitigation strategies (Gai

et al., 2020; Li et al., 2019). Health-damaging air pollutants and precursor species, including particulate

matter, nitrogen oxides, and sulfur dioxide, are emitted along with CO2 from internal combustion

engines. Therefore, the decreased reliance on conventional vehicles should imply a reduction in air

pollutant emissions. However, a life cycle approach is again needed to ensure global reductions in health-

damaging air pollutants (Tessum et al., 2014). For example, electri�cation is an e�cient strategy to

reduce health-damaging air pollutants because it generally reduces the air pollutant emissions, depending

on the electricity production sources, and generally keep them away from dense neighborhoods, limiting

population exposure (Gai et al., 2020). The CURTAIL model (developed chapter 6) could be combined

with tra�c-assignment models to generate street-level emissions and quantify the population exposure

to air pollutants of the mitigation strategies. The inclusion of air quality in the assessments could even

provide additional incentives to hasten the deployment of mitigation strategies (Nemet et al., 2010).
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Appendix A

Supplementary Information for

Chapter 3
A.1 Vehicle Module

A.1.1 Description of Vehicle Technologies and Categories

The vehicle module associates to all vehicle types a material composition, a curb weight and a fuel

consumption value for every year considered in the dissertation. There are eight vehicle technologies

considered in this dissertation and two of them (i.e., BEV and PHEV) are dissociated into short range

and long range. Table A.1 contains the technical descriptions of the considered technologies.

Table A.1: Vehicle technology descriptions

Vehicle
technology

Description

ICEV-G

Internal Combustion Engine Vehicle using gasoline (ICEV-G) refers to the current
most common vehicle technology that burns gasoline to power an engine. All tech-
nologies are included (e.g., with di�erent fuel delivery, valve timing, number of valves,
etc.)

BEV
Battery Electric vehicle (BEV) is powered solely by an electric motor drawing current
from a rechargeable energy storage system, a battery. I distinguish short-range BEVs
(BEV100) and long-range BEVs (BEV300).

FFV
Flexible fuel vehicle (FFV) are designed to be operated on any mixture of a petroleum
fuel and methanol or ethanol. Assumed to use E85 fuel blends (85% ethanol and 15%
gasoline).

ICEV-D
Internal Combustion Engine Vehicle using diesel (ICEV-D) refers to a vehicle that
burns diesel to power an engine.

CNG
Internal Combustion Engine Vehicle using Compressed Natural Gas (CNG) burns
compressed natural gas to power an engine. Also includes lique�ed petroleum gases
as fuel.

HEV

Hybrid electric vehicle (HEV) draws propulsion energy from both an internal combus-
tion engine or heat engine using consumable fuel, and a rechargeable energy storage
system such as a battery. Recharge energy for the energy storage system comes solely
from sources on board the vehicle. Only gasoline HEVs are considered here.

PHEV

Plug-in hybrid electric vehicle (PHEV) is a hybrid electric vehicle that has the capa-
bility to charge the battery from an o�-vehicle electric source. PHEV either operates
on CD (charge depleting) or on CS (charge sustaining) mode. Only gasoline-electricity
PHEVs are considered. I distinguish short-range PHEVs (PHEV20) and long-range
PHEVs (PHEV40).

FCV
Fuel cell vehicle (FCV) is solely propelled by an electric motor with energy supplied
by an electrochemical cell that produces electricity via the non-combustion reaction
of a consumable fuel, hydrogen.
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In addition, the LDVs are divided into two size categories, car and the light truck, in accordance with

the U.S. EPA de�nitions (2016). In total, there are twenty-four vehicle types in this model (i.e., twelve

vehicle technology categories with BEV and PHEV divided into short- and long-range. Each vehicle

technology category is dissociated into two size categories). In this dissertation, vehicle technology

refers to the powertrain technology, the vehicle type refers to the combination of vehicle technology and

size category.

A.1.2 Historical Vehicle Attributes

Historical average curb weights

The curb weight is de�ned as the total weight of the operational vehicle without passenger or cargo

loads. The average curb weights by vehicle type are derived from the U.S. EPA (2016), the Oak Ridge

National Laboratory (2016) and the Argonne National Laboratory through the GREET model (2017).

The historical sales-weighted average curb weights of HEV, ICEV-D and ICEV-G cars and light-

trucks from 1975 to 2015 are taken from the appendix E of the fuel economy trends report of the U.S.

EPA (2016).

The historical sales-weighted average curb weights of the other technologies (e.g., CNG, FFV, FCV,

PHEV, and BEV) are not available in the report and are taken with the following assumptions:

ˆ Historical FFV and CNG curb weights are assumed to be equal to the historical average global

curb weights of the vehicle categories, i.e. car or light truck.

ˆ The average curb weights of PHEV, BEV and FCV for the two categories are derived from the

GREET model (2017) and are assumed to be constant before 2015.

Component weight distributions

For modeling purposes, the vehicles are divided into 10 components: Glider, Powertrain, Transmission,

Lead-Acid Battery, EV Battery, Tracion Motor, Generator, Electronic Controller, Fluids and Wheels.

The sum of those components corresponds to the vehicle curb weight. In this study, the average com-

ponent weight distributions by vehicle type are elicited for two purposes. The �rst one is to estimate

the average curb weights of PHEV, BEV and FCV for cars and light trucks. And the second one is to

allow the lightweighting submodule to perform component-speci�c lightweighting. The following sections

describe the assumptions to obtain the component weight distributions by vehicle type in 2015.

The components weights are estimated based on assumptions taken from the GREET model 2017

(2017) and the \Cradle-to-Grave Lifecycle Analysis of U.S. LDV-fuel Pathways" developed by the Ar-

gonne National Laboratory (2016). The following data and assumptions are regarded:

ˆ The GREET model provides component weight distributions by vehicle type. For ICEV-G, ICEV-

D, CNG, FFV and HEV, the component weight distributions are estimated from the GREET

weight distributions proportionally adjusted to the 2015-model-year sales weighted average curb

weight.

ˆ For PHEV20, PHEV40, BEV100, BEV300 and FCV, the curb weights are taken from the GREET

model. The GREET model o�ers three values according to three vehicle sizes: Car, Sport Utility

Vehicle (SUV) and Pick-Up Truck (PUT). By default in the model, the curb weights of the \Car"

123



APPENDIX A

and \Light truck" categories equal that of SUV and PUT in the GREET model, respectively.

Otherwise, curb weights of cars taken from the GREET model would be lower than the 2015-

model-year sales weighted average curb weight of cars from the U.S. EPA. This would create a

discrepancy between conventional and alternative vehicles (i.e., PHEV, BEV and FCV) as current

alternative vehicles are on average heavier than conventional vehicles (Elgowainy et al., 2016). The

sensitivity of this assumption is assessed in the sensitivity analysis.

ˆ The weight for 
uids, Battery Lead-Acid and Wheels are taken directly from the GREET model

for the di�erent technologies.

ˆ If the vehicle includes an EV battery (i.e., for HEV, BEV, PHEV and FCV), the weight of the

EV battery is calculated from the power or capacity of the battery and the energy density of the

battery type and the cathode material considered. Energy densities are derived from GREET. As

default setting, the Lithium-ion battery using LiMn 2O4 as cathode material is considered in FCV,

HEV, PHEV and BEV. Moreover, split-PHEV is the considered technology for PHEV. Power split

hybrid architectures consist of at least on power split device that creates a mechanical and electrical

connections with the wheels.

ˆ For vehicle types that are not range-speci�c (i.e., for HEV and FCV), the power capacity of the

battery is taken directly from GREET. Otherwise, the range-speci�c BEVs and PHEVs use the

battery capacities derived from the fueleconomy.org dataset of 2016 model year vehicles (2020).

By default, I consider the sales weighted battery capacity by vehicle type by de�ning BEV100

vehicles up to 150 miles, and PHEV20 up to 25 miles. I build a sensitivity analysis by considering

the maximum and minimum battery capacities of the available 2016 model year vehicles.

ˆ Then, I calculate the EV battery weights from the power capacity and the energy densities.

Figure A.1: Component weight distribution by vehicle type
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Historical average material composition

Six materials or material categories are considered: High strength steel and advanced high strength

steel (HSS/AHSS), cast iron, mild steel and other steels, wrought aluminum, cast aluminum and others.

For years before 2015, the historical material compositions of LDVs are taken from the Transportation

Energy Data book (TEDB) produced by the Oak Ridge National Laboratory (2016). Then, starting in

2015, I build the material compositions explicitly by subcomponent in the lightweighting submodule.

Figure A.2: Relative average material composition of U.S. conventional vehicles from 1980 to 2015

The previous data concern the global LDV 
eet and therefore apply mostly to conventional vehicles

(i.e., ICEV-G). They are not representative of all vehicle types. In addition, the material compositions

by vehicle components is necessary in the lightweighting submodule. To build the technology-speci�c

material compositions by component, I do the following steps:

ˆ Each vehicle type is divided into components and subcomponents based on the component weight

distributions previously described and the subcomponent weight distributions provided by the

Argonne National Laboratory (2016).

ˆ I use the subcomponent material compositions from the Argonne National Laboratory (2016) to

build the material compositions by vehicle type.

ˆ I then adjust Aluminum, Cast iron and Mild Steel contents by subcomponent from Ducker World-

wide (2017).

Figure A.3 presents the aggregated material composition by vehicle type in 2015.
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Figure A.3: Average material composition by vehicle type in 2015

Historical fuel consumption values

Vehicles are propelled by a fuel. However, vehicle technologies use di�erent powertrain technologies and

fuels. This section describes the fuels associated with the di�erent technologies and the assumptions to

obtain the historical fuel consumption values by vehicle type (i.e., from 1980 to 2015).

Table A.2 shows the type of fuel used by vehicle technology. I assume that fuel blends such as E10

(10% ethanol and 90% gasoline) and E85 (85% ethanol and 15% gasoline). This assumption leads to

overestimating ethanol volumes as 
ex-fuel vehicles do not always use E85.

Table A.2: Fuel type description

Vehicle technology Fuel type Fuel unit

ICEV-G; HEV E10 (10% ethanol and 90% gasoline) L
FFV E85 (85% ethanol and 15% gasoline) L

ICEV-D Diesel L
CNG CNG LPG L

PHEV E10 and Electricity L; kWh
BEV Electricity kWh
FCV Hydrogen L

A fuel consumption value corresponds to the quantity of fuel used to propel a vehicle on a de�ned

distance. The reference unit is L/100km for fuels quanti�ed in L and kWh/100km for electricity. The

following assumptions and sources are used to obtain the historical fuel consumption values by vehicle

type:

ˆ For ICEV-G and ICEV-D Car and Light-truck, the U.S. EPA provides the annual sales-weighted
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average fuel consumption values by vehicle type in the appendix E (\Fuel Economy Data Strati�ed

by Vehicle Type and Weight Class") of the Fuel Economy trends report (2016). The adjusted

combined values based on the 5-cycle driving tests are used.

ˆ For BEV and PHEV Car and Light-truck, the model-speci�c fuel consumption values provided

by the U.S. EPA and the U.S. Department of Energy in the fueleconomy.gov website (2020) are

combined with estimated annual sales of BEV and PHEV vehicles by model found on the Green

Car Reports website (GreenCarReports and Klippenstein, 2019) to create the annual sales weighted

average fuel consumption by vehicle type. Only the values of 2015 are considered to adjust some

discrepancies in some previous year data. Similarly, the adjusted combined data based on the

5-cycle driving tests are considered.

ˆ PHEV operates in two di�erent modes: CD which means Charge depleting and CS which means

charge sustained. In the CD mode, the battery provides most of the time the electricity to the

traction motor to provide mechanical torque and propel the vehicle. However, depending on the

type of transmission and engine (i.e., series VS split PHEV), this mode can operate on a blend of

E10 and electricity or only on electricity. In the CS mode, only E10 is used. In this model, the two

modes are considered and the underlying assumption is that the CD mode consumes only electricity

and the CS mode consumes only E10. Therefore, two fuel consumption values are developed for

PHEV Cars and Light trucks.

ˆ For the other vehicle types (i.e., CNG, FCV, FFV, HEV Car and Light-truck), the historical fuel

consumption values provided by the VISION model (Zhou and Vyas, 2014) are used.

Table A.3 shows the fuel consumption values in 2015 by vehicle type. Those values are used in the

lightweighting submodule.
[!htb]

Table A.3: Fuel consumption values by vehicle type in 2015

Technology Category Fuel type Unit Value

ICEV-G Car E10 L/100km 8.3

ICEV-G Light truck E10 L/100km 11.2

BEV100 Car Electricity kWh/100km 18.3

BEV100 Light truck Electricity kWh/100km 22.5

BEV300 Car Electricity kWh/100km 23.6

BEV300 Light truck Electricity kWh/100km 29.9

FFV Car E85 L/100km 11.8

FFV Light truck E85 L/100km 16.2

ICEV-D Car Diesel L/100km 5.7

ICEV-D Light truck Diesel L/100km 8.5

CNG Car CNG LPG L/100km 10.6

CNG Light truck CNG LPG L/100km 14.7

HEV Car E10 L/100km 5.2

HEV Light truck E10 L/100km 7.1

PHEV20 (CS) Car E10 L/100km 6.2

PHEV20 (CD) Car Electricity kWh/100km 22.7

PHEV20 (CS) Light truck E10 L/100km 9.8

PHEV20 (CD) Light truck Electricity kWh/100km 16.2

PHEV40 (CS) Car E10 L/100km 6.4

PHEV40 (CD) Car Electricity kWh/100km 22.0

PHEV40 (CS) Light truck E10 L/100km 10.4

PHEV40 (CD) Light truck Electricity kWh/100km 24.8
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FCV Car Hydrogen L/100km 19.5

FCV Light truck Hydrogen L/100km 34.5

Utility factor for PHEV

The utility factor for PHEV provides the percentage of distance traveled on CD mode. Combined with

fuel consumption values on CD and CS mode, the quantity of E10 and electricity used per 100 km can

be estimated. In this model, I consider the interconnection between the utility factor and the all-electric

range of the PHEV as outlined by Bradley et al. (2010). Equation A.1, derived from the GREET model

(2017), describes the relation:

UF = 7 :73E � 09 � Range4 + 2 :63E � 06 � Range3 � 3:7E � 04 � Range2 + 2 :66E � 02 � Range (A.1)

With UF the utility factor ((0 < UF < 1)) and Range the all-electric range of PHEV in miles. The

aggregated fuel consumption values are :

FCP HEV;f;c;y = FCP HEV;f;c;y;CDmode � UFP HEV;c;y + FCP HEV;f;c;y;CSmode � (1 � UFP HEV;c;y ) (A.2)

With FCP HEV;f;c;y the fuel consumption on the fuel typef for vehicle categoryc at year y, CDmode

indicates the fuel consumption on this fuel in CD model andCSmode in CS mode; UFP HEV;c;y is

the utility factor on CD mode. As a reminder, I assume that FCP HEV;electricity;c;y;CSmode = 0 and

FCP HEV;gasoline;c;y;CDmode = 0.

A.1.3 Projected Vehicle Attributes: The Lightweighting Submodule

The lightweighting scenarios are constructed from the subcomponent material composition and weight

by vehicle type in 2015, a set of de�ned subcomponent-speci�c material replacement rates, material

substitution factors of the replaced and replacing materials, feature content increase and secondary

weight changes.

Replacement rates

The Steel Intensive, Aluminum Intensive and Aluminum Maximum scenarios are built from three di�er-

ent sets of replacement rates. These scenarios are derived from Modaresi et al (2014a). For each scenario,

the replacement rates correspond to the fraction of original materials, i.e. the replaced materials, replaced

by lightweight materials, i.e. the replacing materials. The replacement rates are subcomponent-speci�c

but not vehicle type speci�c in the three previous scenarios. The Adapted Aluminum Maximum scenario

is derived from the three previous scenarios by combining the Aluminum Maximum scenario for con-

ventional vehicles (i.e., ICEV-G, ICEV-D, FFV and CNG), the Aluminum Intensive scenario for hybrid

vehicles (i.e., HEV and PHEV) and the \No Lightweighting" scenario for battery-electric vehicles (BEV

and FCV). The Adapted Aluminum Maximum is therefore vehicle technology speci�c. The replacements

are assumed to occur with a constant rate from 2016 to 2030 in the default case. Therefore, the full

lightweighted designs are obtained in 2030. Table A.4 provides the descriptions of the replacement rates,

replaced and replacing materials by lightweighting scenario.
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Table A.4: Lightweighting scenario description

Lightweighting
Scenario

Subcomponents
Replacement
rates (%)

Replaced
material

Replacing
material

Steel Intensive
Body, Exterior, Weld blanks and fasten-
ers - G

100.0
Mild steel and
other steels

HSS/AHSS

Steel Intensive Chassis 25.0
Mild steel and
other steels

HSS/AHSS

Aluminum Intensive
Body, Exterior, Weld blanks and fasten-
ers - G

20.0
Mild steel and
other steels

Cast Aluminum

Aluminum Intensive
Body, Exterior, Weld blanks and fasten-
ers - G

80.0
Mild steel and
other steels

Wrought Alu-
minum

Aluminum Intensive Chassis 17.5
Mild steel and
other steels

Cast Aluminum

Aluminum Intensive Chassis 7.5
Mild steel and
other steels

Wrought Alu-
minum

Aluminum Maximum
Body, Exterior, Weld blanks and fasten-
ers - G

20.0
Mild steel and
other steels

Cast Aluminum

Aluminum Maximum
Body, Exterior, Weld blanks and fasten-
ers - G

80.0
Mild steel and
other steels

Wrought Alu-
minum

Aluminum Maximum
Body, Exterior, Weld blanks and fasten-
ers - G

100.0 HSS/AHSS
Wrought Alu-
minum

Aluminum Maximum Chassis 17.5
Mild steel and
other steels

Cast Aluminum

Aluminum Maximum Chassis 7.5
Mild steel and
other steels

Wrought Alu-
minum

Aluminum Maximum Chassis 100.0 Cast Iron Cast Aluminum

Aluminum Maximum
Engine, Weld blanks and fasteners - P,
Fuel storage system, Exhaust

50.0 Cast Iron Cast Aluminum

Aluminum Maximum Interior 100.0
Mild steel and
other steels

Wrought Alu-
minum

Substitution factors

The previous replacement rates determine the �nal weight of the replaced material. However, they do

not de�ne the �nal weight of the replacing material and therefore of the subcomponent. The mass

ratio of the lightweight material that substituted the replaced material is called substitution factor. A

substitution factor for a pair of replaced material (RedMat) and replacing material (RingMat ) in a

speci�c subcomponent is de�ned as the mass ratio of the new materialM RingMat to the substitued

material M RedMat as shown in equation.

SFRedMat;RingMat;Comp =
M RingMat

M RedMat
(A.3)

The substitution factors depend on the component in which the substitution occurs as well as the

replacing and replaced materials. In this study, a literature review of substitution factors is done from the

following sources: \DOE Report" (2013), \Malen" (2011), \Sullivan" (1995), \Geyer" (2008), \NHTSA

and EPA" and \Expert" through the literature review conducted by Kelly et al. (2015) and \Modaresi"

from Modaresi et al. (2014a). It should be noted that the substitution ratios collected by Kelly et al.

(2015) contain only one value for \Steel to AHSS" substitution factor in Chassis (i.e., 0.44). To expand

the substitution factor literature review on this component (i.e., chassis), the reports reviewed by Kelly

et al. (2015), a report from U.S. DOT and NHTSA (2012) and a report from the U.S. EPA (2012), are

reviewed for the chassis component.

There are a variety of substitution factors even for a speci�c set of component, replaced and replac-
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ing materials. By default in this model, the substitution factors are aggregated by mean for a set of

replaced, replacing materials and subcomponent. However, if no substitution factor is available for one

set of parameters, the substitution factor used is derived from either the component that includes the

subcomponent or from a general category. Figure A.4 contains the set of substitution factors used by

default and the minimum and maximum values used in the sensitivity analysis.

Figure A.4: Substitution factors by replaced material and component with bounding values

Primary savings

From the replacement rates and the substitution factors, the �nal (i.e., in 2030 by default) weights of

the replaced material (M RedMat ) and replacing material (M RingMat ) in component c and lightweighting

scenarioi can be obtained with equations A.4 and A.5:

M RedMat;c; 2030;i = M Red M at;c; 2015 � (1 �
X

RingMat

RepRatesRedMat;RingMat;c;i ) (A.4)

M RingMat;c; 2030;i = M RingMat;c; 2015+
X

RedMat

RepRatesRedMat;RingMat;c;i � M RedMat;c; 2015 � SFRedMat;RingMat;c (A.5)

with M RedMat;c; 2030;i the mass of the replaced material,M RingMat;c; 2030;i the mass of the replacing

material, RepRatesRedMat;RingMat;c;i the replacement rate of the replaced materialRedMat by the

replacing material RingMat and SFRedMat;RingMat;c the substitution factor of the replaced material

RedMat by the replacing material RingMat in the component c and the scenarioi .

Feature content

Many factors in
uence the curb weight of LDVs. For example, MacKenzie et al. (2014) determined

that reductions in vehicle weight due to technological improvements were o�set by increasing feature

contents (i.e., optional, safety and emissions equipment) and functionalities in the past. In the future, it
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is expected that features and functionalities will keep on increasing due, for example, to the increasing

automation of vehicles (Wadud et al., 2016). To account for this factor, I implement an annual vehicle

weight increase due to feature contents based on MacKenzie et al. (2014) estimations with the following

assumptions:

ˆ MacKenzie et al. (2014) estimated that features added a total of 109 kg to cars weight from 1975

to 2010, without secondary weight savings, or around 3 kg per year.

ˆ I assume that cars and light-trucks follow the same trends with the same estimates. In addition, I

assume that all technologies are subject to the changes and in all lightweighting scenarios.

ˆ I assume the feature content weight increases to occur in the vehicle interior and in the \other"

material category.

ˆ By default in the model, I assume an annual increase due to feature contents of 3 kg per year

in all cars and light-trucks from 2016 onwards. I assess the sensitivity of this factor by creating

a scenario without any feature content increases (i.e., o kg per year) and a scenario with double

feature content increases (i.e., 6 kg per year).

Battery resizing

For electric vehicles, the battery is a signi�cant component which could be resized due to overall weight

changes or technological advances. In this model, the batteries of electric vehicles are annually resized

based on the previous-year range of the electric vehicles, the annual weight changes due to primary

savings, increasing feature contents and some technological changes, such as improvements in fuel con-

sumption values and battery technologies. In the following sections, I use the term \primary battery

resizing"" to refer to resizing due to technological improvements and \secondary battery resizing"" to

refer to resizing due to weight changes that in
uence the vehicle electric range. This section applies to

BEV100, BEV300, PHEV20 and PHEV40. the steps are:

ˆ I �rst estimate the previous-year range of the electric vehicle from the weight of the EV battery

and the previous-year energy density of the battery type with equation A.6.

Rangey � 1 =
WTBat;y � 1 � ED Bat;y � 1

FCy � 1=100
� � Bat (A.6)

with Range the range in km, WTBat the weight of the battery in kg, ED Bat;y � 1 the previous-year

speci�c energy of the battery in kWh/kg, FC the fuel consumption in kWh/100km and � Bat is

the usable energy from the battery. � Bat is 90% for BEV and PHEV.

ˆ I then estimate the fuel consumption at year \y" FCy with the weight changes and the fuel

consumption improvements as described later in the report.

ˆ The range at yeary of the electric vehicle is estimated, from equation A.6, using the updated fuel

consumption FCy � 1 and the updated speci�c energy density of the battery. It is assumed that

the energy densities of the battery types presented previously are doubled by 2030 as stated by

Elgowainy et al. (2016). Those improvements are assumed to occur linearly from 2015 to 2030.
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ˆ Finally, I calculate the new battery weight with equation A.7.

WTBat;y =
(Rangey + RRbat � (Rangey � 1 � Rangey )) � FCy =100

ED Bat;y � � Bat
(A.7)

with RRbat a resizing ratio for battery. The value is in between 0% and 100% and the default

value is 100%. It means that 100% of the weight changes are assumed to change the battery size in

order to keep the same electric range of the speci�c vehicle technology. I evaluate the sensitivity of

this factor by assuming 50% of resizing ratio for battery in the sensitivity analysis, meaning that

50% of the weight savings are used to increase the electric range.

The steps to account for primary and secondary battery resizing are iteratively applied as described

below.

Secondary weight changes

The primary weight changes associated with the material substitution, the feature content increases, and

the battery resizing due to technological improvements imply secondary weight changes in the di�erent

components and subcomponents. These secondary weight changes are component-speci�c as the weight

and size of some components are determined by the need to bear other components. I use a method

developed by Alonso et al. (2012) to partially determine the secondary weight changes. This method,

however, does not evaluate secondary mass savings associated with changes in vehicle performance, such

as acceleration time and maximal speed. I therefore complement the approach by a method developed

by MacKenzie et al. (2014) to account for powertrain resizing.

Alonso et al. (2012) use subcomponent mass in
uence coe�cients
 c which represents the rate of mass

change in the subcomponent per primary mass change of the vehicle. The sum of the subcomponent

mass in
uence coe�cients 
 t is a �rst estimate of the secondary weight changes associated with the

primary mass change. However, this �rst estimate does not include the secondary weight changes of the

other components. Hence, a mass subcomponent decompounding coe�cient� c is de�ned as the �nal

rate of mass change in the subcomponent per primary mass change of the vehicle. In the same manner,

the sum of the subcomponent mass decompounding coe�cients� t quanti�es the total secondary weight

changes without powertrain resizing.

M f inal;c = M primary;c � (PWCtot � � c) (A.8)

with M f inal;c the �nal subcomponent mass with the secondary weight changes,M primary;c the sub-

component mass before secondary weight changes but with primary weight changes,PWCtot the total

primary weight changes associated with the material substitution, feature weight content increases and

battery resizing, � c the mass decompounding coe�cient of the subcomponentc.

I derive the secondary weight changes coe�cients from Alonso et al. (2012). The sum of the subcom-

ponent mass decompounding coe�cients� c is 0.62, meaning that for 1 kg of primary weight changes,

0.62 kg of secondary weight changes is achieved without powertrain or secondary battery resizing. This

also means that 1 kg of secondary weight changes due to battery or powertrain resizing leads to 0.62 kg

of secondary weight changes in some components.

To account for powertrain resizing, I use a study developed by MacKenzie et al. (2014). It analyses

a set of linear regression models for acceleration times, on the basis of engine power, vehicle weight and
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other powertrain characteristics. The regression results are used and adapted to account for changes in

engine peak power from changes in vehicle mass. This method is used by Luk et al. (2017a). I de�ne

peak power as the peak power of the engine in ICEV-G, ICEV-D, FFV and CNG, as the sum of the peak

power of the engine and the traction motor in PHEV. I derive energy density values from the FastSim

model (2015).

Iterative weight changes

The Alonso et al. (2012) model accounts for iterative secondary weight changes with the mass de-

compounding e�ects. However, the previous powertrain and secondary battery resizing methods do

not account for the in�nite iteration of the secondary weight changes. Indeed, resizing the powertrain

implies more weight changes in some components that could further reduce or increase the size of the

powertrain. To account for those compounding e�ects, the developed methods for battery resizing, pow-

ertrain resizing and secondary weight changes are iteratively applied. This approach is similar to the

method developed by Lewis et al. (2014a). The cut-o� value that determines the end of the iterative

secondary weight changes is 0.5 kg, it means that iterative secondary weight changes, powertrain and

battery resizing are applied while the weight changes are higher than 0.5 kg between two runs. Figure

A.5 provides an illustration of the method. This method is applied annually to the vehicle type as

primary and battery weight changes occur annually.

Figure A.5: Primary and secondary weight changes iterative method

The mathematical model of the iterative weight changes can be described with the following parame-

ters and equations.PSy is the primary weight saving associated with the material susbtitution at year y

in kg. BSy [WS] is a function that returns the weights savings associated with the battery resizing from

an original weight savingsWS. BSy also includes the battery resizing associated with the technological

improvements. PwtSy [WS] is a function that returns the secondary weight changes associated with the

weight saving WS exclusively associated with the powertrain resizing using MacKenzie et al. (2014)

method. SSAlonso [WS] is the function that returns the secondary weight saving associated with the

weight saving WS without powertrain resizing using Alonso et al. (2012) method. SSAlonso includes
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the compounding e�ects of the secondary weight changes whilePwtSy and BSy do not include the

compounding e�ects of the secondary weight changes. The iteration to get the �nal curb weightCWf;y

at year y correspond to the following series, and runs whileCWj;y � CWj +2 ;y > 0:5kg.

CW1;y = CWf;y � 1 � PSy

CW2;y = CW1;y � BSy [PSy ]

CW3;y = CW2;y � PwtSy [CWf;y � 1 � CW2;y ]

CW4;y = CW3;y � SSA lonso[CWf;y � 1 � CW3;y ]

:

CWj;y = CWj � 1;y � BSy [CWj � 3;y � CWj � 1;y ]

CWj +1 ;y = CWj;y � PwtSy [CWj � 2;y � CWj;y ]

CWj +2 ;y = CWj +1 ;y � SSA lonso[CWj � 1;y � CWj +1 ;y ]

Finally, from the previous subcomponent mass savings, the subcomponent material compositions are

adapted to the new mass by keeping the same relative material content.

Curb weight and material composition in 2030

Figures A.6 and A.7 presents the curb weights and material compositions by vehicle type and lightweight-

ing scenario in 2030 compared to the initial design (i.e., 2015 design).
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Figure A.6: 2015 and 2030 curb weight and material composition by vehicle technology for
light-trucks
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Figure A.7: 2015 and 2030 curb weight and material composition by vehicle technology for cars

A.1.4 Projection of Fuel Consumption Values

The fuel consumption values of the sixteen vehicle types are projected from 2016 to 2050 using the fuel

consumption values by vehicle type in 2015, annual fuel consumption improvements due to improvement
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in engine technologies and annual fuel consumption changes due to weight savings (equation A.9).

FCy;t = FCy � 1;t + � IMP FCy;t + � LW FCy;t (A.9)

With FCy;t and FCy � 1;t the current and previous-year fuel consumption values;� IMP FCy;t and

� LW FCy;t the annual fuel consumption improvements and lightweighting for the model-yeary of the

vehicle type t.

Fuel consumption improvements

The annual fuel consumption improvements are derived from the AEO 2018 (U.S. Energy Information

Administration, 2018) by distinguishing the changes associated with transmission, aerodynamics, or

engine improvements from the changes associated with mass reductions.

Figure A.8 contains the cumulative absolute improvements by vehicle type from 2016 to 2050 due

to fuel consumption improvements in the Medium Fuel Consumption Improvements scenario (bars).

Error bars represent the variations of the fuel consumption improvements from the No Improvements

case to the High Fuel Consumption Improvements case. It is important to note that the values are not

standardized in equivalent unit. The fuel consumption changes across vehicle technologies are in L or

kWh of the associated fuel type per 100km and are therefore not directly comparable.

Figure A.8: 2016-2050 cumulative absolute changes in fuel consumption values due to technological
advancements with bounding cases

Fuel consumption reductions due to vehicle lightweighting

The core objective of this study is to model the fuel consumption changes due to vehicle lightweighting

� LW FCy;t . The physics-based model developed by Kim and Wallington (2016) is extensively used to

calculate fuel reduction values (FRVs). A FRV is de�ned as a change of vehicle fuel consumption upon

weight savings and is in L/(100 km 100 kg) or kWh/(100 km 100 kg). I estimate the fuel consumption
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changes due to vehicle lightweighting by combining FRV with weight savings (equation A.10).

� LW FCy;t = �CW (y � 1) � >y;t � FRVy;t (A.10)

with � LW FCy;t the annual fuel consumption changes due to lightweighting,�CW (y � 1) � >y;t the

annual vehicle curb weight changes andFRVy;t the fuel reduction value for the model-year y of the

vehicle type t.

The FRV calculations are fully derived from the equations set up by Kim and Wallington (2016;

2013a) with data taken from the Argonne National Laboratory (2016).

In their physics-based model, Kim and Wallington (2016; 2013a) describe the theoretical fuel con-

sumption (Fy;t ) of a vehicle over a driving cycle based on the three types of driving resistance (rolling,

aerodynamic and acceleration). They describe the fuel consumption as a mass-dependent fuel consump-

tion ( Fwy;t ), a mass-independent fuel consumption, which integrates aerodynamic and accessory loads

(Fxy;t ), and fuel energy losses inside the engine by friction (F f y;t ). Equation A.11 describes the three

components of the theoretical fuel consumption (Fy;t ).

Fy;t = Fwy;t + Fxy;t + F f y;t (A.11)

Fwy;t =
CWy;t

Hf t � � trans;t;y � � eng;t;y
� ((1 � � � � + � ) � I 1 + CRy � g � I 2) (A.12)

Fxy;t =
1

Hf t � � eng;t;y
� (0:5 � � air � CDy � A �

I 3

� trans;t;y
+ � � I 5) (A.13)

F f y;t =
CWy;t

Hf t � � eng;t;y
� 0:5 � f mep

D
CW

N
V

� I 2 (A.14)

With:

ˆ y the year and t the vehicle type;

ˆ Hf t the lower heating value of the fuel consumed by the vehicle typet (in J/L or 3 :6E 06 J/kWh

for electricity);

ˆ � eng;t;y the engine e�ciency which corresponds to the thermodynamic engine e�ciency for com-

bustion engine, electric motor conversion e�ciency for electric motor and combination of both for

hybrid considering the fraction of electric motor as given by Kim and Wallington (2016). Ther-

modynamic engine e�ciencies for ICEV-G, HEV and PHEV are taken from Moawad et al. (2016)

with a value of 0.38 in 2015 and 0.47 in 2050. Electric motor conversion e�ciencies taken from

Moawad et al. (2016) with a value of 0.92 in 2015 and 0.95 in 2030 onwards.

ˆ � trans;t;y the transmission e�ciency taken from Moawad et al. (2016) with a value of 0.88 in 2015

and 0.91 in 2050;

ˆ � the ratio of braking to kinetic energy taken from Kim and Wallington (2016) with a value of 0.74

and 0.41 on city and highway respectively for BEV, PHEV, HEV and FCV;

ˆ � the regenerative braking e�ciency taken from Kim and Wallington (2016) with a value of 0.8;

ˆ � the rotational mass factor with a value of 0.1 (Kim and Wallington, 2013a);
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ˆ CRy the rolling resistance coe�cient taken from Moawad et al. (2016) with values of 0.008 and

0.009 in 2015, 0.007 and 0.008 in 2050 for cars and light trucks respectively;

ˆ g the gravitational acceleration (i.e., 9:8m=s2);

ˆ � air the density of air (i.e., 1:2kg=m3);

ˆ CDy the aerodynamic drag coe�cient taken from Moawad et al. (2016);

ˆ A the frontal area taken from Moawad et al. (2016);

ˆ � the accessory loads taken from Kim and Wallington (2016) with a value of 750 W;

ˆ f mep
D

CW
N
V a constant with the friction mean e�ective pressure f mep , the engine displacementD ,

the curb weight CW, the gear ratio N
V . This ratio is assumed constant with a value of 0.3325

J/(kg.m) derived from Kim and Wallington (2013a);

ˆ I 1; I 2; I 3; I 4; I 5 are the respective integrals
R

avdt,
R

vdt,
R

v3dt,
R

v2dt,
R

dt associated with the

driving test. Values are taken from Kim and Wallington (2016);

ˆ Finally, when the parameters are given with a city and a highway values, the combination 0.55/0.45

is considered.

FRV ( FRVy;t ) corresponds to the ratio of the mass-dependent fuel consumed (Fwy;t in L ) to the

total fuel consumed (Fy;t in L ) multiplied by the normalized fuel consumption value ( F C y;t

CW y;t
, the fuel

consumption in L=100km per vehicle curb weight in kg) on a given driving condition, as per equation

A.15.

FRVy;t =
Fwy;t

Fy;t
�

FCy;t

CWy;t
� 100 (A.15)

In addition, some powertrain parameters such as engine displacement could be adjusted to keep

equivalent performances with the mass reductions. This factor does not a�ect battery-electric vehicles.

The FRV with powertrain adjustments ( FRV +
y;t ) should include the mass-dependent fuel consumption

(Fwy;t in L ) and the frictional loss term (F f y;t in L ), as per equation A.16.

FRV +
y;t =

Fwy;t + Fwy;t

Fy;t
�

FCy;t

CWy;t
� 100 (A.16)

By default, in this study, the fuel reduction values are computed assuming 50% powertrain adjust-

ments when possible (i.e., for conventional and hybrid vehicles). It means that the fuel reduction values

used by default are the average of the fuel reduction values without powertrain adjustments and the

values with powertrain adjustments. This ratio is altered in the sensitivity analysis.

The fuel reduction values (FRVs) by vehicle type are computed from 2015 to 2050 and table A.5

provides the computed fuel reductions values by vehicle type at the �rst year of the model (i.e., 2016)

with and without the powertrain adjustments. My default values are the means of the two values.
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Table A.5: Fuel Reduction Values (FRVs) by vehicle type in 2016 in L equivalent of gasoline per 100
km and 100 kg

Category Technology Fuel type FRV w. powertrain adj. FRV w.o. powertrain adj.

Car ICEV-G E10 0.44 0.26
Light truck ICEV-G E10 0.45 0.27

Car BEV100 Electricity 0.08 0.08
Light truck BEV100 Electricity 0.08 0.08

Car BEV300 Electricity 0.08 0.08
Light truck BEV300 Electricity 0.08 0.08

Car FFV E85 0.42 0.26
Light truck FFV E85 0.43 0.26

Car ICEV-D Diesel 0.39 0.24
Light truck ICEV-D Diesel 0.40 0.24

Car CNG CNG LPG 0.41 0.25
Light truck CNG CNG LPG 0.42 0.26

Car HEV E10 0.32 0.17
Light truck HEV E10 0.33 0.18

Car PHEV20 E10 0.32 0.17
Car PHEV20 Electricity 0.08 0.08

Light truck PHEV20 E10 0.33 0.18
Light truck PHEV20 Electricity 0.08 0.08

Car PHEV40 E10 0.32 0.17
Car PHEV40 Electricity 0.08 0.08

Light truck PHEV40 E10 0.33 0.18
Light truck PHEV40 Electricity 0.08 0.08

Car FCV Hydrogen 0.12 0.12
Light truck FCV Hydrogen 0.13 0.13

Note: Unit is L equivalent of gasoline per 100 km and 100 kg

A.1.5 Fuel Consumption Values from 2015 to 2050

The combination of fuel consumption changes due to fuel consumption improvements and to lightweight-

ing with the historical fuel consumption values provide the projected fuel consumption values by vehicle

type and lightweighting scenario as presented in Figures A.9 and A.10.
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Figure A.9: Projected fuel consumption values by vehicle type for cars in the di�erent lightweighting
scenarios
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Figure A.10: Projected fuel consumption values by vehicle type for light trucks in the di�erent
lightweighting scenarios
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A.2 Fleet module

A.2.1 Survival Rates

A survival rate represents the probability for a vehicle to stay operational in the 
eet knowing it was

operational in the previous year. Survival rates determine the number of surviving vehicles by vehicle

type from one year to another and therefore the number of scrapped vehicles from one year to another.

In the literature, survival or scrappage rates often represent the probability for a certain model-

year vehicle to be operational and is therefore cumulative. The probability decreases with vehicle age

(Greene and Chen, 1981). Those cumulative distributions are hereunder called cumulative survival rates.

Mathematically, the survival rate considered here for a vehicle with a certain ageSRage is a conditional

probability as presented in equation A.17.

SRage = P((op; age)=(op; age� 1))

=
P(op; age\ op; age� 1)

P(op; age� 1)

=
P(op; age)

P(op; age� 1)

(A.17)

with P((op; age)=(op; age� 1)) the probability for the vehicle to be operational at age knowing it

was operational at age� 1, and P(op; age� 1) the probability for the vehicle to be operational at age.

If a vehicle is operational at age, it was operational at age� 1 and thereforeP(op; age\ op; age� 1) =

P(op; age).

Several functions and distributions are available in the literature, as outlined by Bandivadekar (2008).

The survival rates provided by the VISION model are used by default in the model (Zhou and Vyas,

2014). The distributions are not cumulative and are di�erent for cars and light trucks. The distributions

stop at the age of 23 years, therefore, it is assumed that the survival rates after 23 years are held constant.

Figure A.11 shows the survival rate distribution and the associated cumulative distribution.

Figure A.11: Survival rates and cumulative survival rates

143



APPENDIX A

A.2.2 Projected Vintage Stocks

Projected vintage stocks are based on prospecive scenarios regarding LDV 
eet stock and technology

market shares. The AEO 2018 projections (2018) include several side cases and the \reference" case

(REF) is considered by default. In addition, to assess a high penetration of electric vehicles, a scenario is

built from the AEO 2018 reference case and adapting the Bloomberg Finance Energy outlook of electric

vehicle (2017).

Original AEO 2018 LDV stock scenarios

The di�erent AEO 2018 projections capture the interactions between economic changes and energy

supply and demand. In this study, three cases are considered: the reference case (REF), the high oil

price case (HOP) and the low oil price case (LOP). HOP and LOP cases are considered because of

the signi�cant relationships between oil prices and LDV stock. The HOP case assumes that the price

of Brent crude reaches$226 per barrel in 2040 (in 2016 dollars), compared to$109 per barrel in the

reference case and$43 per barrel in the LOP case.

Figure A.12 presents the LDV stock associated with the three cases in 2020, 2030, 2040 and 2050.

In the low oil prices case (LOP), the 
eet is larger than the reference case and the shares of alternative

vehicles (such as hybrid or electric vehicles) are also lower. Conversely, in the high oil prices case (HOP),

the LDV stock is smaller than in the reference case but the shares of alternative vehicles are higher.

Figure A.12: LDV stock projections based on the AEO 2018 for REF, HOP and LOP cases

High EV penetration case

Among the AEO 2018 cases, the HOP case contains the highest technology market share of electric

vehicles (i.e., PHEV, HEV, and BEV). According to this case, around 18% of the new sales are hybrid or

electric in 2030 and 26% in 2050. As one of the chapter's objectives is to assess more intense penetration

of alternative vehicles, I develop a high EV Penetration alternative scenario based on the AEO 2018

cases and adjusted with the Bloomberg New Energy Finance (BNEF) Electric Vehicle Outlook of 2017

(2017). In their report, electric vehicles account for 530 million out of the world's 1.63 billion vehicles

(33%) by 2040 and represent 54% of the new sales. Figure A.13 shows the technology market share of
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EV adapted from the BNEF Outlook for the new sales in the U.S. until 2040. I assume the 2040 market

share for EVs to hold until 2050 and to apply to BEVs only.

Figure A.13: EV market share in the U.S. LDV according to the BNEF

A.2.3 Projected Fleet Kilometers Traveled

VKT distributions per vehicle

The Transportation Energy Data Book (2016) provides the age-speci�c distributions of annual kilometer

traveled for cars and light trucks (Figure A.14). The distributions account for a higher use of newer

vehicles and for a higher use of light-trucks.

Figure A.14: Annual Vehicle Kilometer Traveled by age distribution and category

VKT growth rate

Annual vehicle kilometers distributions have evolved in the past (Davis et al., 2016). I therefore apply a

VKT growth rate of 0.82%, to account for increase in the annual kilometers traveled by vehicles, derived

from the VISION model (Zhou and Vyas, 2014). It therefore means that the annual VKT distributions

of 2030 are the annual VKT distributions of 2015 multiplied by 1.13. An annual growth rate of 0.82%

is in the range of values mentioned by the U.S. EPA (2012), between 0.5% and 1.2%.
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A.3 Automotive Material Flow module

A.3.1 Automotive Material Flow Equations

The following section describes the mathematical equations to obtain the quantity of primary, internal

secondary and external secondary materials.

Scrapy;m =
X

t =1:16

X

age

(Compt;age;m � ScrapV eht;age;y ) (A.18)

Emby;m =
X

t =1:16

(Compt;age =0 ;m � NewV eht;y ) (A.19)

PScrapy;m =
Emby;m � PSRm

1 � PSRm
(A.20)

Supy;m = Emby;m + PScrapy;m =
Emby;m

1 � PSRm
(A.21)

Recy;m = PScrapy;m +
X

m 0

(Scrapy;m 0 � RRm 0;m ) (A.22)

P rim y;m = ( Supy;m � Recy;m ) � P rimS y;m (A.23)

ExSecy;m = ( Supy;m � Recy;m ) � ExSecSy;m (A.24)

With:

ˆ m the material, y the year, t the vehicle type and age the vehicle age;

ˆ Scrapy;m the quantity of scrapped material from the scrapped vehicles;

ˆ Compt;age;m the vehicle material composition;

ˆ ScrapV eht;age;y the number of scrapped vehicles;

ˆ Emby;m the quantity of embodied material in the new vehicles;

ˆ NewV eht;y the number of new vehicles;

ˆ PScrapy;m the quantity of process scrap material from the manufacturing process;

ˆ PSRm the process scrap rate. This rate is in kg of process scrap per kg of manufactured material;

ˆ Supy;m the quantity of supplied material to manufacture the new vehicles including the process

scrap;

ˆ Recy;m the quantity of recovered material from all the scrapped materials and the new scrap

material. It equals the quantity of internal secondary material;

ˆ RRm 0;m the recovery rate of material m from scrapped materialm0. This rate is in kg of material

per kg of scrapped material;

ˆ P rim y;m the quantity of primary material to supply;

ˆ P rimS y;m the share of primary material in the material to supply once internal secondary material

is used;
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ˆ ExSecy;m the quantity of external secondary material to supply;

ˆ ExSecSy;m the share of external secondary material in the material to supply once the internal

secondary material is used.

A.4 LCA module

A.4.1 Static Life Cycle GHG Emission Factors

Table A.6 contains the life cycle GHG emission factors kept static from 2016 to 2050 in the model.

The emission factors sourced GREET are taken from the GREET model version 2017 (2017) with the

associated names (e.g., \GREET: Cast Iron" is the emission factor of \Cast Iron" production in the

GREET model).

The life cycle GHG emission factor of battery production is derived from a study by Kim et al.

(2016). The factor is applied to HEVs, BEVs, PHEVs and FCVs.

The emission factors of \Mild steel and other steels" primary production, secondary production

and manufacturing are taken from the USCB model (Geyer, 2017) developed for World Auto Steel.

Manufacturing emission factor of steel is estimated by assuming 78% of \
at carbon steel", 22% of \long

and special steel" and a fraction of hot rolled coil steel in 
at steel of 0.25 (the rest is hot-dip galvanized

steel). Finally, it is assumed that the life cycle emission factor of primary HSS/AHSS production is

the same as primary conventional steel production (Kim et al., 2010). Sensitivity to this assumption is

assessed by taking a high ratio of 1.1 (i.e., 10% increase). Emission factors of secondary production and

manufacturing of HSS/AHSS are assumed the same as for conventional steel.

Table A.6: Static life cycle emission factors (EF) with sources

Unit Phase Process EF Source

kg CO 2 eq. / kg
prim mat

Primary Material Pro-
duction

Cast Iron 1.06 GREET: Cast Iron

kg CO 2 eq. / kg
sec mat

Secondary Material Pro-
duction

Cast Iron 1.06 GREET: Cast Iron

kg CO 2 eq. / kg
sec mat

Secondary Material Pro-
duction

Wrought Alu-
minum

1.72 GREET: Recycled Wrought Aluminum

kg CO 2 eq. / kg
sec mat

Secondary Material Pro-
duction

Cast Aluminum 1.95 GREET: Recycled Cast Aluminum

kg CO 2 eq. /
vehicle

Manufacturing
Vehicle Assem-
bly

810.52
GREET: Paint Production, Vehicle Assembly
- Painting, HVAC Lighting, Heating, Material
Handling, Welding,Compressed Air

kg CO 2 eq. / kg
mat

Manufacturing Cast Iron 1.75 GREET: Cast Iron, Forged Iron

kg CO 2 eq. / kg
mat

Manufacturing
Wrought Alu-
minum

0.28
GREET: Virgin Wrought Hot Rolled Stamped
Aluminum, Cold Rolled Stamped Aluminum, Ex-
truded Aluminum

kg CO 2 eq. / kg
mat

Manufacturing Cast Aluminum 0.77
GREET: Virgin Cast Aluminum, Recycled Cast
Aluminum

kg CO 2 eq. / L Fuel Production E10 0.61 GREET: Baseline Gasoline

kg CO 2 eq. / L Fuel Production E85 -0.13 GREET: E85 for FFV, Corn

kg CO 2 eq. / L Fuel Production Diesel 0.66 GREET: Baseline Conventional and LS Diesel

kg CO 2 eq. / L Fuel Production CNG LPG 0.42 GREET: Compressed Natural Gas, NA NG

kg CO 2 eq. / L Fuel Production Hydrogen 0.99 GREET: FCV: G.H2, Refueling Station, NA NG

kg CO 2 eq. / L Fuel Use E10 2.29 GREET: Baseline Gasoline

kg CO 2 eq. / L Fuel Use E85 2.25 GREET: E85 for FFV, Corn

kg CO 2 eq. / L Fuel Use Diesel 2.37 GREET: Baseline Conventional and LS Diesel

kg CO 2 eq. / L Fuel Use CNG LPG 1.88 GREET: Compressed Natural Gas, NA NG
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kg CO 2 eq. / L Fuel Use Hydrogen 0.00 GREET: FCV: G.H2, Refueling Station, NA NG

kg CO 2 eq. /
vehicle

End of Life Vehicle Disposal 238.31 GREET: Vehicle Disposal

kg CO 2 eq. / kg
bat

Battery production and
assembly

Battery produc-
tion

11.20 Kim et al.

kg CO 2 eq. / kg
prim mat

Primary Material Pro-
duction

HSS/AHSS 2.08
UCSB with ratio from Kim, McMillan, Keoleian
and Skerlos

kg CO 2 eq. / kg
prim mat

Primary Material Pro-
duction

Mild steel and
other steels

2.08 UCSB

kg CO 2 eq. / kg
sec mat

Secondary Material Pro-
duction

HSS/AHSS 0.48 UCSB

kg CO 2 eq. / kg
sec mat

Secondary Material Pro-
duction

Mild steel and
other steels

0.48 UCSB

kg CO 2 eq. / kg
mat

Manufacturing HSS/AHSS 0.42 UCSB

kg CO 2 eq. / kg
mat

Manufacturing
Mild steel and
other steels

0.42 UCSB

A.5 Additional Results

Figure A.15: Share of primary material and secondary material for aluminum and steel from 2015 to
2050 in three lightweighting and two Automotive Material scenarios
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Figure A.16: Annual 
eet GHG emissions by life cycle phase for No Lightweighting, Steel Intensive,
Aluminum Intensive, and Aluminum Maximum scenarios in 2020, 2030, 2040, 2050

Figure A.17: Annual GHG emission changes for the complete and adapted Aluminum Maximum
lightweighting scenarios in the reference and High EV Penetration cases
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Figure A.18: Temporal distribution of the cumulative GHG emission changes due to Aluminum
Maximum lightweighting by life cycle stage for a 2-year, 8-year, 14-year and 20-year lightweighting

implementation period and GHG payback time

A.6 Sensitivity analysis

A single-factor sensitivity analysis is conducted on some of the parameters outlined in the methods. The

sensitivity analysis consists of changing one variable at a time while keeping other variables constant at

default values. Table A.7 contains the list of assessed variables. The variables are divided into three

categories. The \lightweighting submodule" category contains the variables associated with the technical

implementation of lightweighting. The \Projection Uncertainties" category contains the variables related

to the projection models. Finally, the \Vehicle Characteristics" category contains the variables associated

with the vehicle models.

Table A.7: Variable descriptions of single-factor sensitivity analysis

Description Category Default All

Secondary savings ratio Lightweighting module 1 0;1

Prospective aluminum production energy e�ciency im-
provement

Projection uncertainties y y;n

Prospective battery technology improvement Projection uncertainties y y;n

Battery resizing ratio Lightweighting module 1 0;1

Battery chemistry for BEV Vehicle characteristics Li ion LMO Li ion LMO;Ni MH

Emission factor for battery production Emission factors def low;def;high

Prospective U.S. electricity mixes for BEV and PHEV Projection uncertainties y y;n

Emission factor for HSS production Emission factors def def;high

Emission factor for conventional steel production Emission factors def low;def;high

Initial electric battery capacity of BEV Vehicle characteristics def low;high;def

Fuel consumption of EV model Vehicle characteristics def low;def;high

Battery chemistry for FCV Vehicle characteristics Li ion LMO Li ion LMO;Ni MH

Annual weight increase due to feature content Projection uncertainties def def;n;high

Ratio of powertrain adjustments in FRV calculations Lightweighting module 0.5 0;0.5;1

Battery chemistry for HEV Vehicle characteristics Ni MH Li ion LMO;Ni MH
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Prospective U.S. consumption mixes of primary aluminum Projection uncertainties constant constant;local;trends

GREET scenario for initial alternative vehicle curb weight Vehicle characteristics 1 1;2

Battery chemistry for PHEV Vehicle characteristics Li ion LMO Li ion LMO;Ni MH

Secondary mass savings due to powertrain resizing Lightweighting module 1 0;1

Substitution factor model Lightweighting module mean min;mean;max

Prospective VKMT model Projection uncertainties Growth Constant;Growth

GREET size for vehicle category Vehicle characteristics 3

1: Car=Car; Lt=SUV
2: Car=Car; Lt=PUT
3: Car=SUV; Lt=SUV
4: Car=SUV; Lt=PUT

Figure A.19 represents the 2016-2050 cumulative GHG changes due to Aluminum Maximum, Alu-

minum Intensive and Steel Intensive lightweighting scenarios. The ranges represent the results for the

bounding cases per variable.

Figure A.19: Single-factor sensitivity analysis on the cumulative GHG emission changes due to
lightweighting in the Aluminum Maximum scenario

Figure A.20 represents the lowest and highest 2016-2030 and 2016-2050 cumulative GHG emission

changes due to lightweighting by lightweighting scenario based on the best and worst cases outlined in

the single-factor analysis.
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Figure A.20: Cumulative GHG emission changes due to lightweighting by lightweighting scenario in
the worst, best and default cases outlined by the single-factor sensitivity analysis

A.7 Interactions between GHG emission reduction measures

The implementation order of the GHG emission reduction measures (i.e., fuel consumption improve-

ments, alternative powertrain/fuel penetration and lightweighting) in the simulations matters. Figure

A.21 shows the contribution of fuel consumption improvements, alternative powertrain and lightweight-

ing using the \Aluminum Maximum" scenario in the 2016-2050 cumulative GHG emission changes

compared to a baseline without technological changes (i.e., without fuel consumption improvements, al-

ternative powertrain and lightweighting). Each simulation represents an order of measures modeled. For

example, \Technological imp. � > Lightweighting � > Alt. vehicle" means that the model �rst com-

putes the cumulative GHG emissions without any solution, then the cumulative GHG emissions with fuel

consumption improvements alone and calculate the changes; then with fuel consumption improvements

and lightweighting and calculate the changes with the previous cases; �nally with fuel consumption im-

provements, lightweighting and alternative powertrain and fuel penetration and calculates the changes

with the previous case.

The total cumulative change before and after the measures is -10.9 Gt CO2 eq. in all simulations.

The cumulative changes of a single measure (for example lightweighting) are assessed on top of the other

measures modeled (for example, fuel consumption improvements, alternative powertrain/fuel penetra-

tion). It is therefore implemented as the last measure (for example either \Alt. vehicle � > fuel cons.

imp. � > Lightweighting" or \fuel cons. imp.. � > Alt. vehicle � > Lightweighting"). The order of the

other modeled measures does not in
uence the GHG emission changes of the single assessed measure.
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Figure A.21: 2016-2050 cumulative GHG emission changes for fuel consumption improvements,
alternative powertrain and fuel penetration, and Aluminum Maximum lightweighting by order of the

simulations
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Supplementary Information for

Chapter 4
B.1 Additional Methods

B.1.1 Prospective Technology Market Share

In the absence of publicly available projections of prospective technology market shares for the Canadian

LDV 
eet from 2016 onward, I use the AEO 2019 market share projections (the Reference Case is used

as the default in my work) of the U.S. Energy Information Administration (2019) with the following

changes:

ˆ I update the 2015, 2016, 2017 and 2018 market shares of BEV and PHEV from publicly available

Green Car Reports data (GreenCarReports and Klippenstein, 2019)

ˆ Canada generally possesses higher ICEV-D market shares and lower CNG market shares than the

U.S. in recent years (NGV Global, 2018). Therefore, I assume no market share projections for

CNG in Canada and substitute the market share values of CNG in the AEO projections with

ICEV-D.

ˆ Finally, from 2016 to 2030 I adjust the resulting ICEV-D market shares to the 2010-2014 Canadian

average (constant) by reducing accordingly the ICEV-G market shares.

Figure B.1 presents the historical and projected technology market shares of vehicle sales from 2000

to 2030.

Figure B.1: Historical and projected annual technology market shares of new vehicle sales in Canada

I assess the sensitivity of prospective technology market shares on the results by considering the

bounding cases of the AEO 2019 in terms of alternative vehicle deployments. The cases with the lowest
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and highest penetrations of alternative vehicles are the High-Oil Price Case (HOP) and the Low-Oil

Price Case (LOP).

B.1.2 Vehicle Fuel Consumption

I estimate the fuel consumption of the vehicle technologies except ICEV-G from various sources (Table

B.1) and assume them to stay constant from 2015 to 2030.

Table B.1: Fuel consumption of vehicles technologies

Technology
Fuel
consumption

Note

HEV
4.5 L/100 km
(gasoline)

Reference vehicle is 2017 Toyota Prius C Hybrid (Government of
Canada, 2018)

PHEV

1.34 L/100 km
(gasoline)
15.2 kWh/100km
(electricity)

Reference vehicle is Chevrolet Volt (Government of Canada,
2018). Fuel consumption of 20 kWh/100 km when functioning on
the electric motor, 5.6 L/100 km when functioning on the com-
bustion engine and utility factor of 0.76

BEV
18.7 kWh/100km
(electricity)

Reference vehicle is Nissan Leaf (Government of Canada, 2018)

ICEV-D 8 L/100km (diesel) From Wolinetz et al. (2019)

FCV
25 L/100 km (hy-
drogen)

From the VISION model (Zhou and Vyas, 2014)

B.1.3 Canadian WTW GHG Emission Factors

Figure B.2 contains the WTW GHG emission factors of GHGenius v5.0a ((S&T)2 Consultants Inc.,

2018) for gasoline from crude oil, ethanol from wheat, corn, wet (corn) stover, and switchgrass, diesel

from crude oil and electricity simulated from 2015 to 2030 based on the lower heating values.

Figure B.2: Ethanol and gasoline WTW emissions factors from 2014 to 2030.

B.1.4 Sensitivity Analysis

I perform sensitivity analyses on some parameters with the ranges outlined. My sensitivity analyses

are �rst performed as single-factor analyses then combined into multi-factor analyses. In a single-factor
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analysis, I assess the in
uence on the results of changing one parameter value from the low to the high

case while keeping other parameters as default values. In a multi-factor analysis, I simulate the results

with all low and high cases for all factors. Table B.2 contains a summary of all parameters, and their

bounding cases.

Table B.2: Parameter description and bounding cases in the sensitivity analyses

Scenario Description

Parameter: Vehicle ownership rate. Source: (Statistics Canada, 2020, 2018a)

low Annual-car-ownership rate changes of 0.003 new vehicles per person per year
def Annual-car-ownership rate changes of 0.004 new vehicles per person per year
high Annual-car-ownership rate changes of 0.005 new vehicles per person per year

Parameter: Canadian population. Source: (United Nations Statistical Division, 2019)

def Medium variant projections
high High variant projections

Parameter: Technology market shares. Source: (U.S. Energy Information Administration, 2019)

REF Reference case of the AEO 2019
HOP High-oil price case of the AEO 2019
LOP Low-oil price case of the AEO 2019

Parameter: Hybrid blend compatibility. Source: Own scenarios

e10 HEV and PHEV are E10 compatible only
e25 HEV and PHEV are up to E25 compatible

Parameter: E15 vehicle share. Source: Own scenarios

constant 93% of new ICEVs-G are E15 compatible from 2018 onwards
full 100% of new ICEVs-G are E15 compatible from 2020 onwards

Parameter: E25 vehicle deployment. Source: Own scenarios

Slow Penetration of E25 compatible vehicles in 2025 and 50% of new ICEV-G by 2030
def Penetration of E25 compatible vehicles in 2020 and 100% of new ICEV-G by 2030
fast Penetration of E25 compatible vehicles in 2020 and 100% of new ICEV-G by 2025

Parameter: Survival rate. Source: (Statistics Canada, 2009a)

low Low range of the survival rate distribution
def Survival rate distribution of the last calculated year (2009)
high High range of the survival rate distribution

Parameter: Annuak VKT distributions. Source: (Statistics Canada, 2009b)

def Mean of the annual vehicle kilometers traveled
high High range of the annual vehicle kilometers traveled

Parameter: Technological improvements. Source: (Ministry of Transportation of Ontario, 2017)

low Annual improvement rates of 1%
def Annual improvement rates of 1.5%
high Annual improvement rates of 2%

Parameter: Octane Engine Calibration improvements. Source: (Geringer et al., 2014)

yes Vehicle e�ciencies are adjusted to the ethanol content of the fuel
no No adjustments

Parameter: Real-world driving factor. Source: (Statistics Canada, 2018b; Environment and Climate Change Canada, 2019b)

low Real-world driving factor of 1.07
def Real-world driving factor of 1.087
high Real-world driving factor of 1.1

B.2 Additional Results

B.2.1 Sensitivity Analysis

The results of the single-factor sensitivity analyses are presented as tornado plots. Each range represents

the in
uence of a single parameter on the calculated results. After each tornado plot, a table is presented

to outline the value of the parameters for the lower and upper estimates of the range. Multi-factor

analyses calculate the bounding cases of the results when all parameter values are at their lower or

upper estimate values.
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LDV Fleet Stock

Figure B.3: Single-factor sensitivity analysis on 2030 on-road stock of ICEVs-G (Figure 4.2)

Table B.3: Parameter description of single-factor sensitivity analysis of Figure B.3

Parameter Minimum (left case) Maximum (right case)

Survival rate distribution low high
Vehicle ownership rate low high
Technology market shares HOP LOP
Canadian population low high

LDV Fleet Fuel Use

Figure B.4: Single-factor sensitivity analysis on 2030 ethanol use (Figure 4.3b)
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Table B.4: Parameter description of single-factor analysis of Figure B.4

Parameter Minimum (left case) Maximum (right case)

E15 vehicle share constant full
Annual VKT distribution low high
Hybrid blend compatibility e10 e25
Real-world driving factor low high
High octane engine calibration yes no
Survival rate distribution high low
Vehicle ownership rate low high
Technology market shares HOP LOP
Canadian population low high
Technological improvements high low
E25 vehicle deployment fast slow

Fleet WTW GHG Emissions

Figure B.5: Fleet WTW GHG emissions in 2020, 2025 and 2030 by blend deployment scenario

Figure B.6: Single-factor analysis on 2030 
eet WTW GHG emissions of Figure B.5
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Table B.5: Parameter description of single-factor analysis of Figure B.6

Parameter Minimum (left case) Maximum (right case)

E15 vehicle share constant full
Annual VKT distribution low high
Hybrid blend compatibility e10 e25
Real-world driving factor low high
High octane engine calibration yes no
Survival rate distribution high low
Vehicle ownership rate low high
Technology market shares HOP LOP
Canadian population low high
Technological improvements high low
E25 vehicle deployment fast slow

2030 LDV Fleet GHG Emission Target

Figure B.7: Canadian LDV 
eet WTW GHG emissions and emission changes from 2015 to 2030 by
mitigation pathways for two bounding cases
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Table B.6: Parameter description of multi-factor analysis of Figure B.7

Parameter Minimum (left case) Maximum (right case)

Annual VKT distribution high low
Canadian population high low
Real-world driving factor high low
E15 vehicle share constant full
E25 vehicle deployment slow fast
Hybrid blend compatibility e10 e25
Survival rate distribution min max
Technology market shares LOP HOP
Technological improvements low high
Vehicle ownership rate high low

B.2.2 EVs in Canada

In this section, I show the in
uence of the ambitious Canadian EV (EV) objective on the Canadian

LDV 
eet stock, fuel use, WTW GHG emissions and GHG emission targets under multiple ethanol

deployment scenarios.

The objective of the Government of Canada is to attain 30% of zero emission vehicles (i.e., electric

and hydrogen fuel cell vehicles) in new LDVs in 2030, and 100% in 2040 (Transport Canada, 2019). I

create a scenario of EV deployment, entitled Canadian EV objective, that assumes this objective being

respected by BEVs and PHEVs. Figure B.8 shows the assumed technology market share of PHEV and

BEV in my model. The total market share of plug-in EVs (BEV and PHEV) is directly derived from

the Canadian EV objective. The ratios of each technology from 2019 to 2030 is derived from the ratio of

technology in the AEO 2019 reference scenario. For example, the AEO2019 reference scenario estimates

that 81% of the new plug-in EVs will be BEVs in 2030, meaning that 24% of the new vehicles will be

BEVs in my model (i.e., 81% * 30%). All the other assumptions presented in this study hold for the

following analysis.

Figure B.8: Market share of EVs in new vehicles for BEV and PHEV if the Canadian EV objective is
respected.

If the ambitious Canadian EV objective is respected, plug-in EVs could represent 3.7 million on-road

vehicles in 2030 or 10% of the on-road stock (Figure B.9. Transport Canada estimates at 2.7 million on-

road vehicles and 10% of the on-road stock (Transport Canada, 2019) the number of EVs in 2030 if the
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