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ABSTRACT. As has been well documented, the transportation sector is currently undergoing a profound 

transformation in the way that vehicles are powered, owned, and operated (Center for Automotive Research, 

2016; Fagnant and Kockelman 2015; Sperling, 2017; Lovejoy, Handy, and Boarnet, 2013; Arbib and Seba, 

2017). The complex interdependence of these transformations, as well as the fact that we are studying them 
concomitantly with their development, makes them particularly difficult to predict. Recent studies have 

shown preliminary evidence that ridehailing has shifted travel miles dramatically away from traditional 

forms of transport such as public bus and rail service, biking, and walking, and towards ride hailing services, 

resulting in a significant increase in VMT (Clewlow and Mishra, 2017). Building upon the model 

framework developed by Fox-Penner, Gorman, and Hatch (Fox-Penner, Gorman, and Hatch, 2018), this 

paper considers the greenhouse gas implications of various light-duty transportation adoption scenarios, 

including the effects on manufacturing inputs, technology improvements, total vehicle miles traveled, and 

the variation in emissions from an autonomous future dominated by internal combustion vehicles versus 

one dominated by autonomous electric vehicles. The goal of the paper is to build a more realistic and 

research based estimate of future transportation scenarios and the climate emissions impacts of the diffusion 

of autonomous technology with and without electrification. 
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1. Introduction  
 

As has been well documented, the transportation sector is currently undergoing a profound 

transformation in the way that vehicles are powered, owned, and operated (Cite papers from 

Sperling, Kockelman, Seba, Etc.). Electrification, ridehailing services, and autonomy, the “three 

revolutions” underway in transportation sector, will have significant impacts on everything from 

infrastructure to electricity systems, public health, and greenhouse gas emissions. 

 

The complex interdependence of these transformations, as well as the fact that we are studying 

them concomitantly with their development, makes them particularly difficult to predict. In less 

than a decade, ridehailing companies such as Uber, Lyft, and Ola have gone from rareified taxi 

replacements to companies that have not only upended the cab service but have also caused a 

significant transportation mode shift. Recent studies have shown preliminary evidence that 

ridehailing has swung travel miles dramatically away from traditional forms of transport such as 
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public bus and rail service, biking, and walking, and towards ride hailing services, resulting in a 

significant increase in VMT.  

 

These services threaten to become even more dominant as autonomous vehicle technology 

becomes market-ready. In just a few years, autonomous vehicles have gone from closely monitored 

test-drives to driving the streets of Arizona. In 2017, the dominant players in ridehailing in the 

United States, Uber and Lyft, both partnered with automakers to test autonomous vehicle 

technology in their ridehailing model. Having fleets of autonomous vehicles will lower 

transportation costs (Bauer et. al 2018), causing an even greater mode shift away from public 

transportation as public transportation infrastructure costs increase due to necessary upgrades and 

declining ridership, and autonomous technologies mature.  

 

There is near-universal agreement that motor vehicles will ultimately be fully autonomous or self-

driven (Arbib and Seba, 2017; Bansal & Kockelman 2016; etc.).  There is, however, a cacophony of 

opinions as to when and how the autonomy revolution will occur and its implications for travel, 

the economy, and our built environment. Making planning and prediction even more complicated 

is the question of whether or not these new autonomous vehicles will be electric. Many scholars 

have attempted to quantify aspects of this transformation, including estimating increased vehicle 

miles travelled (VMT), energy (electric) demand, and city infrastructure needs (Fox-Penner, 

Gorman, and Hatch, 2018; others). Yet perhaps one of the largest implications of the coming 

transformations has yet to be sufficiently bounded: the effect on GHG emissions as a result of the 

transformation. The future of autonomous vehicles is often assumed to be electric; however, 

current autonomous vehicle development has relied on internal combustion engine (ICE) 

technology.  

 

Building upon the model framework developed by Fox-Penner, Gorman, and Hatch (Fox-Penner, 

Gorman, and Hatch, 2018), this paper examines the greenhouse gas implications of several 

potential scenarios for the future of transportation, considering varying degrees of adoption of 

autonomy, ride hailing, and electrification, with hopes of building a more realistic and research 

based estimate of the future for personal vehicle emissions. 

 

To provide these estimates, we first conduct an extensive literature review of parameters affecting 

the GHG emissions from the light duty vehicle (LDV) sector, including impacts from autonomous 

vehicles. This review includes an assessment of the LCA literature to incorporate upstream 

emissions. Then, we develop a modelling framework that incorporates LCA parameters, vehicle 

adoption projections, stock modeling, efficiency improvements, and vehicle mile demand  

projections. From this modelling framework, we design the key scenarios that can be used to 

predict a range of outcomes for greenhouse gas emissions from autonomous vehicles. The full 

article will include detailed analysis following the outline below: 

1. Introduction 

2. Methods 

2.1 Model Description 



2.2 Parameters affecting GHG Emissions from Autonomous Vehicles 

2.2.1 Review of AV and drivetrain technology synergies and manufacturing 

emissions 

2.2.2 LCA and manufacturing emissions 

2.2.3 Vehicle adoption projections 

2.2.4 The Impacts of Autonomy on VMT and EI 

2.2.5 The Impacts of Sharing, Pooling, and Ridehailing on VMT 

2.3 Scenarios 

2.3.1 High EI ICE Autonomy 

2.3.2 Low EI ICE Autonomy 

2.3.3 High EI EV Autonomy 

2.3.4 Low EI EV Autonomy 

3. Results and Implications 

 

2. Methods 

 

2.1. Model Description 
 

Our approach to integrating the various parameters described above into our model of GHG 

emissions from various autonomy scenarios is based on the work of Fox-Penner, Gorman, and 

Hatch (Fox-Penner, Gorman, and Hatch, 2018). In their paper they use an expanded Kaya identity 

to measure total electricity consumption in the light duty vehicle sector. For this paper, we 

augment this approach by including an emissions factor for manufacturing emissions and 

expanding our framework to incorporate a more detailed modelling of internal combustion engine 

drive changes so that we can more accurately capture LDV sector wide GHG emissions. The 

formula is shown below: 

 

∑ [𝑘𝑖,𝑡 ∗  𝑣𝑖,𝑡 ∗  𝑒𝑖,𝑡𝑖 ∗ 𝑔𝑓,𝑡] =  Φ𝑙,𝑡        (2) 

where the stock in year t of light duty vehicles of a motorized vehicle type i is denoted by ĸi,t, vi,t  
is the average miles travelled by that vehicle type in year t, ei,t is the average energy use of the 

vehicle type i per mile travelled during year t, which we refer to as energy intensity (EI) (Kaya, 

1990; Fox-Penner, Gorman, and Hatch, In Review), and gf,t is the emissions factor of type f (gasoline 

or electricity) in year t. This framework allows us to treat electric, hybrid, and non-electric 

autonomous cars all separately, adjusting energy use intensity and emissions profile for vehicle 

type as well as allowing the composition of the fleet to migrate from one type to another.  

 

We use the model outlined above to integrate the numerous degrees of freedom introduced in the 

introduction of this paper, with the end goal of calculating the potential greenhouse gas 

implications of light duty vehicle transportation considering the effect of the three revolutions. 

Below, we summarize the literature we rely on to fill out the key parameters used in our model.  



2.2. Parameters  

 

2.2.1 REVIEW OF AV AND DRIVETRAIN TECHNOLOGY SYNERGIES AND 

MANUFACTURING EMISSIONS 

2.2.2 LCA AND MANUFACTURING EMISSIONS 

2.2.3 VEHICLE ADOPTION AND LDV STOCK PROJECTIONS 
Our projection of LDV stock first begins with estimates of LDV stock from our prior work (Penner 

et. al.). First, we forecast electric vehicles sales using industry projects combined with a reduced 

form of the Bass Diffusion Model to model product growth rates. The specific quantitative 

formulation is shown below:  

 

𝑆(𝑡) = 𝑚(
1− 𝑒−(𝑝+𝑞)𝑡

1+ 
𝑞

𝑝
𝑒−(𝑝+𝑞)𝑡

)  (3) 

Where, 

S(t) = percent of total sales in year t 

m = final percent of total sales 

p = coefficient of innovation 

q = coefficient of imitation 

t = year  

 

Next, we added a layer that estimated AV adoption. While there is a wide range of opinions as to 

when level 4 or 5 autonomous vehicles will become ubiquitous, some predict that shared CAVs 

will handle 95% of all passenger-miles by 2030 (Arbib & Seba, 2017) while others predict 100% 

level 5 autonomy will not occur until 2070 or later (Litman, 2017; Niewenhuijsen, 2015). 

Researchers also predict a wide range of scenarios or narratives as to how the CAV market will 

unfold (Shladover, 2015), (Niewenhuijsen 2015), (Lang, et al, 2016). Given these considerations, 

we adopt Lavasani, Jin, and Du’s (2016) estimates of Bass or “S-curves” using parameters selected 

by comparing CAVs to other types of technologies (similar and dissimilar) for which there are full 

adoption histories (Lavasani, Jin, & Du, 2016). The results of Lavasani, Jin, and Du’s base estimate 

is that cumulative CAV sales rise from 1.3 MM in 2030 (five years after introduction) to 70 MM 

by 2045 and saturation by 2060.    

 

A significant assumption by many in the industry is that these vehicles will uniformly be electric. 

However, By allowing flexibility in our model design, we can thus evaluate future scenarios where 

AVs do not just start with the more environmentally benign electric type. As we explain below, 

such scenarios could have devastating consequences on reaching many of the GHG reduction goals 

for the LDV sector. 

 



Our final augmentation over prior modelling efforts involves developing a more appropriate 

module to incorporate a future with large shared autonomous electric fleets. While this effort has 

only small (though significant) effects on the overall VMT demand in the LDV sector, it results in 

a significantly smaller stock of vehicles which is important considering our effort to analyze 

upstream emissions issues that result from vehicle manufacturing.  To do this, we use assumptions 

from literature that suggest that for some number of personally owned vehicles, one SAEV could 

replace all of that travel demand.  However, we acknowledge that these types of fleets are only 

likely going to be common in urban networks so limit the percentage of travel demand that can be 

served by such systems. With these assumptions, we reduce the total amount of LDV vehicle sales 

while holding overall VMT demand constant.  
 

2.2.4 THE IMPACTS OF AUTONOMY ON VMT AND EI 

2.2.5 THE IMPACTS OF SHARING, POOLING, AND RIDEHAILING ON VMT 

3. Scenarios 
 

Based on our review of the relevant parameters, we develop four key scenarios with various levels of 

adoption of autonomous and electric technology. These scenarios allow us to understand the dynamic 

implications of yearly changes in technology for total emitted CO2 over the next 30 years. 

Parameter 2020 2030 2040 2050 

Ridehailing Effect on 
Effect off 

   

EV/ICE Mix Starts ICE 
Starts EV 
Migrates from ICE 
to EV 
Uses hybrid 
model 

low turnover 
High Turnover 
No turnover 

low 
High 
No 

Low 
High 
No 

AV VMT bump Same as last 
paper 

   

AV EI timing 
(external) 

Same as last 
paper 

   

AV penetration High 
Low 

   

AV turnover/stock 
models 

 -Fleets 
-Individual 
ownership 
-Leasing/cell 
phone model 

  

Manufacturing 
Emissions 

Linked to 
turnover 

   



EI (internal) Linked to 
turnover 

   

1. Results/Conclusions and Implications 
 

The timing of autonomous vehicle synergies with electrification matters. Climate change is becoming an 

ever more present and dire threat, and this exercise aims to highlight the significant differences in 

greenhouse gas effects stemming from the concomitant or independent development of autonomous and 

electric vehicle technology. 
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