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Abstract

This body of work covers some important technology policy challenges that will be posed
by the deployment of electric and automated vehicles in personal mobility, ridesourcing, and
long haul trucking. Substantial electrification of road transport is critical to deep decar-
bonization. Self-driving technology continues to inch towards wider commercial deployment,
despite well-publicized setbacks. Policymaking must grapple with a deeply uncertain technol-
ogy landscape and trade-offs between multiple societal objectives. I attempt to help inform
public policy by carefully navigating the uncertainty present in the deployment of these
technologies and highlighting how trade-offs between multiple objectives might materialize.

First, I look at the potential energy impact of automation on electric vehicle range. Will
electrification and automation of light vehicles develop in sync? I find that automation will
incur expected penalties of 10-15% on electric vehicle range, due to the energy consumption
of computing and sensors. This suggests that deliberate technology choices towards efficient
computing and aerodynamics will be needed to drive electrification of automated vehicles.
In long haul trucking, I investigate the potential job impacts from automation of highway
driving. I draw on detailed shipment data to show that replacing all highway driving with
automated trucking will lead to more than 90% of operator-hours lost to automation. I find
limited evidence to support industry claims that increased short haul jobs will compensate
for the operator-hours lost on highways. Third, I present a novel agent based model that can
answer a series of research questions related to electric vehicle deployment in ridesourcing.
Companies such as Uber and Lyft have committed to fully-electrify their fleets by 2030 in the
United States. Should policy incentivize larger battery pack sizes or greater investments in
dedicated fast-charging infrastructure for ridesourcing? I instantiate the agent based model
to study the lifecycle externalities of fully-electric ridesourcing in the city of Chicago, across
different levels of battery size and fast-charging infrastructure. I estimate that greenhouse
gas externalities are in the range of 10-13¢ per trip, with lower externalities associated with
smaller battery packs. Compared to today, fully electrifying ridesourcing can cut greenhouse
gas externalities in Chicago by 50-60%. Solely targeting reductions in greenhouse gas

emissions, however, comes at the cost of increases in traffic externalities such as congestion.
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CHAPTER I

Introduction

Light and heavy vehicles are responsible for about 60% and 25% of U.S. greenhouse gas
(GHG) emissions from transportation, respectively (1). Substantial electrification of these
vehicles is considered essential for decarbonization (2). California’s announcement to ban new
combustion engine sales by 2035 is the first of its kind in the United States but follows similar
announcements by the UK, France, and other major economies. Furthermore, ridesourcing
services such as Lyft and Uber which make up a significant share of the total vehicle-miles
traveled (VMT) (3) have also recently committed to a fully electric fleet in the United States
by 2030. However, regulators focused on driving electrification should also consider another
major innovation in transport, automated vehicles (AVs). The widespread deployment of
AVs following the current testing on public roads is a cornerstone of the business strategy of
ridesourcing companies. Long haul trucking is also likely to see early adoption of automation
due to the lower technological complexity of highway driving and the associated cost savings.
Whether automation will go hand in hand with electrification is not clear. For example,
while some companies including General Motors have committed to their automated vehicles
being electric, other automakers have declared a preference for gas-electric hybrids. Further,
deployment of automation in long haul trucking has the potential to cause enormous job
losses while also disrupting traditional operational modes, which could lead to opportunities
for the introduction of new technologies.

The deployment of early stage technologies always involves significant uncertainty, around
costs, feasibility, and intended and unintended consequences (4). Policymaking must grapple

with a deeply uncertain technology landscape and trade-offs between multiple societal



objectives. For instance, AVs have the potential for major benefits in emissions, congestion,
and more but on other hand could also lead to undesirable outcomes if VMT and congestion
increases, AVs prove slower to electrify than human driven vehicles due to impacts on range,
and employment impacts are large. Electrification of ridesourcing vehicles can help reduce
GHG emissions, but is it more cost effective to incentivize larger battery packs or more
public fast charging infrastructure? Promoters of novel technologies are both quick to claim
their technology is revolutionary and to also comfort concerned regulators with assertions of
continuity and that ‘this is nothing new’ (5). Regulatory decision making, in turn, must
walk the tightrope between consistently applying long standing rules while also having to
adjust those regulations to respond to new developments. Finally, policymakers often only
have a brief window of opportunity to steer the deployment of emerging technologies in a
way that helps contribute towards societal objectives.

This dissertation covers some of the important technology policy challenges that will be
posed by the deployment of electric and automated vehicles in personal mobility, ridesourcing,
and long haul trucking. I attempt to help inform public policy by carefully navigating the
uncertainty present in the deployment of these technologies and highlighting how trade-offs
between multiple objectives might materialize.

The dissertation is structured as follows. First, I look at the potential energy impact of
automation on electric vehicle (EV) range. This is an issue that has received widespread
media coverage but limited attention in the academic literature. What are the impacts
on the range of EVs if they are automated, from the energy use of computers and sensors
required for automation? We study this issue in detail using a vehicle dynamics model and
show the impact of automation on EV range and battery longevity. We find that automation
will present trade-offs with light vehicle electrification with expected range penalties of
10-15%. Investing in energy efficient computing and aerodynamic integration of sensor stacks
on vehicles can help reduce this impact, and may even help increase EV range if the benefits
of smoother driving compared to humans can be realized.

Next, I investigate potential job impacts from automation in long haul trucking. Here, we
focus on the share of operator-hours that would be lost if highway trucking were automated

using an engineering analysis incorporating detailed data on trucking shipment flows. We
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explore alternative scenarios of deployment in the near-medium term and find that eventually,
replacing all highway driving with automated trucking will lead to more than 90% of operator-
hours lost to automation. Deployment only in the sun-belt where weather conditions are
more amenable and where all testing is currently taking place will impact 10% of operator-
hours. Overall, we find that automation is likely to cause significant disruption to long
haul trucking even if just restricted to highways, but note that such deployment can create
opportunities for partial electrification of heavy trucking.

Third, I study the lifecycle externalities of the full electrification of the operation of
transportation network companies (TNCs) such as Lyft and Uber. I present a novel agent
based model (ABM) in Chapter 4 that can answer a series of research questions related
to EV deployment in ridesourcing. The novel ABM presented in Chapter 4 draws on high
geo-spatial detail, labor economics-based literature on the labor supply decisions of TNC
drivers, and rich public datasets of TNC trips by riders that provide detail on the demand
for these services. I outline how my model presents a significant advance over other ABMs
in the literature which have previously studied the operation of taxi fleets in urban areas.
In Chapter 5, I then instantiate this model on TNC trip data for the city of Chicago, to
understand how fully-electric taxis might impact GHG emissions across different battery
sizes and fast-charging infrastructure investments. We find that GHG externalities from
fully-electric ridesourcing are in the range of 10-13¢ per trip, with lowest emissions across
the different scenarios considered associated with a 40kWh battery size and 1 dedicated
fast-charger for TNCs per square mile. We show that compared to today, fully electrifying
ridesourcing can cut TNC GHG externalities in Chicago by up to 60%.

Finally, in Chapter 6, I present conclusions from this body of work and discuss relevant
implications for public policy. I also briefly highlight the methodological contributions of my
work and identify questions for future research in this area.

This work has benefited from collaborations with a number of colleagues and where

possible I have attempted to list them. All errors and omissions are mine alone.
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CHAPTER II

Trade-offs between automation and light vehicle electrification

This chapter was developed with coauthors Shashank Sripad, Parth Vaishnav, and Venkat

Viswanathan. It is based on work published in:

Mohan, A., Sripad, S., Vaishnav, P. & Viswanathan, V. Trade-offs between

automation and light vehicle electrification. Nature Energy 5, 543-549 (2020).

An abridged version is provided here, and the full manuscript is included as an appendix.
2.1 Introduction

EVs form an increasing share of new vehicle sales around the world. Several countries are
seeking to phase out internal combustion engine vehicles. Simultaneously, AVs are being
tested on public roads. Automation could reduce vehicle energy use through smoother
driving, platooning, shared mobility, and optimal routing (7; 8; 9). There is limited literature
on the tradeoffs between automation and electrification (10). Early automated electric
vehicles (AEVs) may be heavier, need extra computing and sensor power, and (due to the
possible need for protruding sensors) be less aerodynamic than EVs. If this reduces driving
range substantially, it has been suggested that the first AVs will be gas-electric hybrids,(11)
which could slow the electrification of the light vehicle fleet.

In this paper we compare the vehicle-level energy use, range, and battery life of a vehicle
equipped to attain Society of Automotive Engineers (SAE) Level 4-5 automation to human
driven EVs, by undertaking a careful consideration of the effect on vehicle level energy use
of the different components needed for automated driving, as well as the potential increase

in drag from LiDAR. We find that automation is likely to reduce EV range; and that the
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2.2. AEV ENERGY CONSUMPTION 5

aerodynamic impact of LiDAR is a significant driver of this reduction in suburban driving,
while computing loads have a greater effect for city driving. Across different EVs, we find a
median reduction in the range of 3-5% for a suburban drive profile and no drag impacts
from LiDAR. Including LiDAR increases the median range reduction to between 8-12%. A
reduction in range will lead to more frequent charging speeding up battery degradation but

we find that this impact on battery longevity is negligible.

2.2 AEV energy consumption

Sripad and Viswanathan (2017) (12) developed a physics-based vehicle dynamics model to
estimate the energy demands of an EV given a realistic driving profile. They determined
the battery size needed for a given vehicle range or equivalently, the range of an EV given
battery size. Using a realistic velocity profile with a one second temporal resolution, the
model calculates the instantaneous power needed each second to overcome vehicle inertia,
aerodynamic drag, and road friction. We extend this model for AEVs by adding the weight
of the different components to the mass of the vehicle and battery pack, increasing the
drag coefficient for automated solutions with a roof-based spinning LiDAR. If no LiDAR
is used, or if solid-state LiDAR, that is incorporated into the aerodynamic profile of the
vehicle is used, the increase in drag is zero. We also modify the velocity profile to account
for potentially smoother driving and add the computing and sensor loads at each second.
Keeping track of the total energy used, we repeat the driving profile until the battery is fully
depleted. This gives us an estimate of the AEV range for a given battery capacity. We then
compare this AEV range to the EV to understand how automation affects vehicle range. We
run this simulation for two types of velocity profiles: the California Unified Cycle Driving
Schedule which is a composite profile i.e. a city-highway mix, and the Urban Dynamometer
Driving Schedule which is a city-only profile. Full details of the physics model are provided
in the Methods section of the published manuscript (6).

There are several different combinations of sensor hardware that are currently being
tested on vehicles that aim to achieve full automation. For example, some developers are
using solutions that include LiDAR while others are relying solely on cameras and radar.

There are also differences in the choice of vendor for LiDAR or radar, and in the number of

Technology Policy Challenges of Electric and Automated Vehicles Aniruddh Mohan



2.2. AEV ENERGY CONSUMPTION o

sensors. Given the numerous possible combinations, we assume a uniform distribution for
the sensor and connectivity load. We bound this between 30W to 150W. The lower case
represents a low powered LiDAR solution such as the 15 W Ouster OS1 (13) system along
with 2 Bosch mid-range radars (MRR) of 4.5 W (14) each, 3 Pt. Grey Dragonfly cameras of
1.5 W (15) each, and 1.5 W for connectivity. Some industry developers have also suggested
that a sensor package without LiDAR is sufficient for high level automation. As such, the
lower case could also represent an optical-only system with no LIDAR and 9 cameras (1.5 W
each), 2 MRR of 4.5 W each , and the remaining 7.5 W for communication and connectivity.
The upper estimate of 150 W represents a system with 2 Velodyne 64 LiDAR domes of 60 W
each (16), along with 2 Bosch MRR, (9 W) radars (14) with 6 Pt. Grey Dragonfly cameras
(9 W) (15) and expanded communications and connectivity (12 W). We were unable to
find reliable estimates of the power draw of communication systems, perhaps due to the
nascent nature of the technology. We assume a power draw of 1.5W for our low estimate
and 12W for our high estimate. Modern smartphones consume less than 1 W of power for
streaming, connectivity, communication and other functions (17). Many EVs already have
Global Positioning System (GPS) and other connectivity installed; so it is not clear that the
communications load will be additional to existing loads. The Institute of Electrical and
Electronics Engineers (IEEE) standard for dedicated short range communication (DSRC)
limits the Equivalent Isotropically Radiated Power to less than 2 W (18), which precludes a
large power draw for the transmitter.

Estimates of computing load for automated driving in the literature found power re-
quirements from a few hundred watts (19) to several thousand watts (20; 21). The Nvidia
Pegasus system has been advertised as capable of level 5 autonomous driving and has a
power load of 500W (22) while the recently released Tesla Full Self Driving (FSD) claims to
require only 150 W (23). We therefore bound our estimates between 150W to 1000W with
the upper bound representing the higher estimates from the literature. Higher values of
computing load are possible given that the technology is nascent, regulators might require re-
dundant systems, or cooling requirements for computing may have been underestimated. On
the other hand, over the long term, improvements in chip design and computing efficiency

should see power loads fall substantially. We also assume a linear relationship between the
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2.2. AEV ENERGY CONSUMPTION 7

computing and sensor loads between their respective bounds as increased data flow from the
sensors to the computing platform will require a concomitant increase in computing capacity
and therefore power draw.

We are aware of no publicly available, empirical estimates of the effect of roof-based
LiDAR on the vehicle drag coefficient (7); so we approximate this effect by using data
from wind tunnel tests of drag impacts of roof add-ons such as police sirens, signs, and
racks.(24; 25) We therefore estimate a lower bound value of 15% increase in drag (which
corresponds to the drag increase from a taxi sign), to 40% (which would impose the same
aerodynamic penalty as a barrel). In the case of solid state LIDAR or AVs operating with
cameras only, there would be no increase in drag. We therefore consider a second separate
case: if there is no LIDAR, or a solid state LIDAR system, we model no increase in drag. In
the longer term it is also likely that developers will incorporate LiDAR into the vehicle in a
way that does not result in additional drag as consumers may not want to purchase vehicles
that have prominent external sensors, as is the case with the AVs being tested today.

Finally, to simulate AEV drive cycles that are smoother than human drivers, and the
associated energy savings, we apply a smoothing spline function similar to Liu et al(26),
to the composite and city drive profiles. The smoothing function can be adjusted to yield
different levels of energy savings. We bound this between 5% to 25% in line with values
from the literature that have estimated the energy savings from smoother driving of AVs
(27; 28; 8; 29). Details of the smoothing spline function are provided in the Methods section
of the published manuscript (6). Our method of smoothing makes no assumptions about the
vehicle drive train. We smooth the velocity profile and calculate the energy savings from first
principles, using our physics-based model. The effect of smoothing for both drives cycles for
different levels of energy savings is shown in Supplementary Information of the published
manuscript. We also find possible trade-offs between the energy savings from smoother
driving and safety, particularly at higher levels of energy savings wherein the vehicle may be
at rest in the original profile but has a non-zero velocity in the smoothed profile. However,
we find almost no change in our estimates of AEV range when we constrain our smoothed
drive cycles so that the velocity is zero at all instances where the velocity in the original

profile is zero.
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2.3. EFFECT OF AUTOMATION ON EV RANGE 8

2.3 Effect of automation on EV range

We use vehicle design parameters based on a Tesla Model 3 with 310 miles of range and an 80
kWh battery pack as our base EV (30). We use a combination of scenario analysis and Monte
Carlo (MC) simulations to understand how the deep uncertainty in our input parameters
affects our estimates of reduction in range. We consider two broad deployment scenarios for
automation: with or without LiDAR. We treat these scenarios separately for two reasons.
One, there is considerable disagreement among the manufacturers as to whether LiDAR is
essential (31), with developers deploying both LiDAR-based and LiDAR-free technologies.
Two, LiDAR can impose a considerable energy and aerodynamic penalty: eliminating it
would have a large effect on energy use. Within each scenario, we use MC analysis, since
there are too many plausible combinations of other parameters to reasonably justify one
scenario over another in the current early stages of AV development. MC simulations allow
us to explore the entire parameter space (32).

We find that adding automation with LiDAR would result in reduced range or require a
larger battery in more than 95% of simulations (Fig. 2.1a). This indicates that while there
is uncertainty around technology choices and power loads of automation enabling equipment,
LiDAR-based solutions that have a drag penalty will almost certainly reduce range compared
to human driven EVs. Even if we assume no power consumption from LiDAR and no change
in drag, energy use increases in 76% of simulations for the composite drive profile, relative
to a human driven EV. We find that even with computing load and sensor load each at
their lower bounds and no increase in drag, AEVs will need energy savings from smoother
driving of at least 4-5% over a human driver to have the same range as EVs. If savings from
smoother driving are higher, this will lead to an increase in EV range. In 90% of our MC
simulations for the composite drive cycle the reduction in range is between 1% to 16% for
an automated Tesla Model 3 with LIDAR compared to an EV with the same battery. The
median estimate is a 9% loss in range. Next, we apply the same analysis to estimate the
range impacts for other EV models such as the Tesla Model S, Nissan Leaf, Chevy Bolt,
and Xpeng G3. The results for the composite drive cycle for all EV models considered are

summarised in Fig. 2.2a.
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2.3. EFFECT OF AUTOMATION ON EV RANGE 9
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Figure 2.1: Histogram of range results for composite and city drive profiles for a
Tesla Model 3 with an 80 kWh battery pack. a, Results of simulating the vehicle
range of an automated Model 3 given the composite driving profile and input parameters
for automation with and without LiDAR. The median loss in range is 9% with LiDAR and
4% without. In 90% of our MC simulations the range impact is between [-16%, -1%] and
[-11%,45%] respectively. This is compared to the Tesla Model 3 EV-only range. b, Results
of simulating the vehicle range of an automated Model 3 given the city driving profile and
input parameters, for automation with and without LIDAR. The median loss in range is 14%
with LiDAR and 11% without. In 90% of our MC simulations the range impact is between
[-22%,-4%)] and [-19%, 0%] respectively. This is compared to the Tesla Model 3 EV-only
range for city driving.

In 90% of our MC simulations the range penalty for the city drive cycle is between 4%
to 22% for a Model 3 AEV with LiDAR (Fig. 2.1b). The median estimate is a 14% loss in
range. Results for different EV models are shown in Fig. 2.2b.

Table 2.1 shows the energy demand and range impacts for different autonomous configu-
rations considered. We see that the drag impacts of spinning LiDAR, are more keenly felt

at higher speeds on the highway. Keeping all other autonomy parameters fixed, the drag
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Figure 2.2: Results of the Monte Carlo simulation of AEV range for different EV
models. The Y axis shows the percentage change in range for the AEV compared to the
base EV. The horizontal red line is the median change in range and the red data points are
the data that are beyond the whisker where the maximum whisker length is 1.5 times the
interquartile range. The X axis lists the five EVs considered in the analysis. a, boxplot
showing the range impact for the composite drive profile and for automated solutions with
and without LiDAR. b, boxplot showing the range impacts for the city drive profile and for
automated solutions with and without LiDAR.
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increase from having roof based spinning LiDAR results in an additional 5% range penalty
for the composite profile compared to 3% for the city profile. Our results therefore show
that developers may need to consider automated solutions that either eliminate LiDAR. or
reduce its drag impact. Solid state LiDAR could reduce drag but impose an additional
computing load. However, this is unlikely to be as significant as the impact of additional
drag, as even an increase of 100 W in the compute load will only decrease range by 1%.
The higher range penalty in the city cycle (Fig. 2.2b) compared to the composite profile
(Fig. 2.1a) across all EVs we analyze is due to the greater effect of computing loads (which
we assume applies at each second) on range as a result of longer trip times in the city for
the same distance travelled. As such, we see in Table 2.1 that moving to a more efficient
compute stack provides a greater benefit in the city than for suburban driving. Developers
who wish to deploy robo-taxis in urban environments therefore have strong incentives to
bring down computing power needs in order to maximize vehicle utilization. This could be
achieved over time as standardized algorithms are built into efficient specialized circuits or

if developers design dedicated chips for neural network computation.

Table 2.1: Energy demand and range impacts for different autonomous configura-
tions. All scenarios assume 10% energy savings from smoother driving and a sensor load of
30W. Increase in drag from LiDAR is fixed at 25%.

Drive Cycle | Technology Range Impact | Wh/mile
150 W compute + no LiDAR +6% 244
Composite 500 W compute + no LiDAR 0% 259
500 W compute + LiDAR -5% 272
150 W compute + no LiDAR +5% 195
City 500 W compute + no LiDAR -4% 214
500 W compute + LiDAR -T% 221

2.4 Negligible impact of automation on battery longevity

A decrease in range could lead to more frequent charging or longer charging times which leads
to faster battery degradation. We use the approach developed by Sripad and Viswanathan
(2017) (12) to model the longevity of the battery for each type of vehicle; that is, to estimate

the number of total miles for which the vehicle can be driven until the battery is unable to
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charge to more than 80% of its original capacity. To realistically assess battery degradation,
we model a series of a 24-hour periods in each of which the vehicle drives for 50 miles for
the composite profile (or 30 miles for the city profile), charges until the battery is full, and
then rests until it is driven again the following day. For the case of the composite profile
and the base AEV with LiDAR, the loss in battery longevity for the median reduction in
range is 5% or 5,500 miles and the 5th percentile case with a range reduction of 16% would
result in a loss of 9% or 10,000 miles, as shown in Fig. 2.3a. Given the longevity of state of
the art batteries is constantly improving this effect is likely to be further negligible in the
future (33).

a 100% b 100%
= 5th Percentile AEV = 5th Percentile AEV
= Median AEV = Median AEV
95th Percentile AEV 95th Percentile AEV
95% - — 95% - —H
£ £
© ©
[0} o)
T T
5 90% A %5 90% A
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] ]
2] n
85% - 85% -
80% T T T T } 80% T T T T T
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Odometer (thousand miles) Odometer (thousand miles)

Figure 2.3: Battery degradation results for our base EV and AEV for the composite
drive cycle. The simulations were performed for a daily drive schedule of 50 miles. A
state-of-health or a remaining useful capacity of about 80% is considered the end-of-life of
the battery pack. The battery degradation simulations are performed using a battery pack
model where the cells are simulated using a pseudo two dimensional electrochemical model
which contains a degradation sub-model. A series of 24-hour power profiles which include
50 miles of daily driving is used as an input to the battery pack model. The details of the
degradation model are discussed in Methods. a, the base AEV with LiDAR. The median
loss in battery longevity with LiDAR is 5,500 miles or under four months of driving. The
5th percentile case with LiDAR leads to a loss of 10,000 miles or over half a year of driving.
b, the base AEV without LiDAR. The median AEV without LiDAR lasts for approximately
110,000 miles and the 5th percentile AEV lasts for approximately 105,000 miles. The median
loss in battery longevity compared to the EV is 1,300 miles or a month of driving. The 5th
percentile case leads to a loss of 6,000 miles or four months of driving compared to the EV.

The 95th percentile AEV shows a small (1%) increase in battery longevity compared to
the EV due to the effect of smoother driving, which lowers the discharge rate of the battery

as well as the re-charging rate through regenerative braking. Moreover, due to the higher
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energy supplied by regenerative braking segments for the EV, during each daily round trip,
the average state-of-charge of the battery pack for the EV is about 0.6% higher than that
of the 95th percentile AEV. Since a higher state of charge increases the rate of battery
degradation (33), the EV battery degrades faster than the 95th percentile AEV, since this
state-of-charge effect outweighs the very small increase in the duration of charging time from
the 1% loss in range compared to the EV. Battery degradation results for the case without

LiDAR are shown in Fig. 2.3b.

2.5 Conclusions

While there is considerable uncertainty with respect to the technologies that will enable fully
automated driving, our model provides a way to grapple with this uncertainty and derive
useful insights about the vehicle-level energy use of AVs. We find that high level automation
will likely reduce EV range by about 5-10% in the case of the suburban drive profile. Given
that the specific energy of lithium-ion batteries is increasing at roughly 5% each year without
a corresponding increase in cost or a step change in technology, automation will have the
same effect on range as a 1-2 year time-lag on improvements in battery specific energy. Will
consumers value full automation more than the modest loss in range we estimate? Future
work must assess the benefits of automation (e.g., using travel time productively, increased
safety) against its cost (e.g., loss in range, increased capital cost, public perceptions of safety)
(34). Our study provides a basis for more realistic assessments of consumer preferences,
since we estimate the change in EV range associated with automation. In conclusion, to
minimize the effect of automation on EV range, developers should focus on bringing down

power requirements for computing and on incorporating sensors in aerodynamic designs.
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2.6 Data availability

All underlying data are publicly available at https://github.com/battmodels/Automation-
EV-Range.

2.7 Code availability

The custom code for the Monte Carlo simulation of the physics model based range impacts
of automation on EV range that has been presented in this paper is publicly available on
GitHub at https://github.com/battmodels/Automation-EV-Range.

In order to allow readers to engage with our research we have also created a web applet
(available at https://tinyurl.com/avrange) that allows users to select different combinations
of radar, computing and LiDAR load, cameras, energy savings, and electric vehicles, to
assess the effect of different assumptions about automation on vehicle range. The input files
for the battery degradation simulations on AutoLion-ST v6.3, Build 2 will be provided on

request.
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CHAPTER III

Impact of automation on long haul trucking jobs in the

United States

This chapter was developed with coauthor Parth Vaishnav. It is based on work published in:

Mohan, A. & Vaishnav, P. Impact of automation on long haul trucking operator-
hours in the united states. Humanities and Social Sciences Communications 9,

1-10 (2022).
An abridged version is provided here, and the full manuscript is included as an appendix.
3.1 Introduction

Automated driving technology is currently being tested on public roads in the United States
in both the light vehicle and heavy duty segments. Given the likely reduced operational
complexity involved in highway driving, several companies are currently working on devel-
oping automation for long haul trucking which is designed to work as per a ‘transfer hub’
model (36; 37). This would involve an automated truck (AT) completing the highway leg of
the route and human drivers undertaking the more complex suburban-urban segments at
both the starting and end points of the journey. Truck ports near highways would be used
to switch out the trailer from the prime mover and enable this switch at both ends. For a
schematic of the possible transfer hub model see Figure 3.1.

The promise of ATs has led to widespread concern about job losses in long haul trucking,
which is a common profession in the United States, particularly for men with high school

educations (38). On the other hand, it has also been noted, often by the companies developing
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Figure 3.1: Schematic showing the possible operation of a transfer hub model
where a human driven truck drives the load from the origin to the first truck
port where the load is switched to an automated prime mover shown in black.
This completes the highway leg of the journey to another truck port where a human driven
truck takes the load from the port to the final destination.

this technology, that long haul trucking currently faces a labor shortage and automation
will create new short haul jobs which will more than make up for the long haul jobs lost. As
a result of these conflicting claims, as well as the uncertainty over the technology itself and
its limitations, there is little clarity on how automated trucking will be deployed and its
economic and political ramifications, such as the impact on the long haul trucking labor
market.

We use data from the Commodity Flow Survey (CFS) 2017 (39) which is a dataset jointly
produced by the U.S. Census Bureau, U.S. Bureau of Transportation Statistics, and the
U.S. Department of Commerce. CFS produces a sample of shipments in the United States
including data on the type, origin and destination, value, weight, modes of transportation,
and distance shipped. We estimate the operator-hours required for different routes using
origin and destination information for trucking shipments from the CFS dataset, which
enables us to estimate highway and (sub)urban splits for each shipment. We consider
the technological constraints of automated trucking to make more refined estimates of the
possible near term impacts of automation on long haul trucking operator hours in the United
States by assessing different scenarios of deployment. We find that contrary to strong claims
by companies developing this technology (40), the loss in long haul operator-hours is unlikely

to be compensated for by an increase in demand for short haul drivers. We find large labor
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impacts from the deployment of the transfer hub model, contingent on the pace of progress
of automation technology’s ability to function in different operating conditions. We compare
the capabilities of automation with the tasks truck drivers are required to perform through
discussions with industry stakeholders, including long haul operators. This allows us to
have a realistic assessment of the tasks the technology will be required to perform over the
highway legs and explore the feasibility of such deployment scenarios. In this framework,
where jobs are considered as a bundle of tasks, our work builds on an extensive literature
in the social sciences (41; 42; 43). Through our limited sample of interviews, we discover
reluctance to shift to new modes of operation such as short haul driving that will result from
any application of the transfer-hub mode of deployment. The rest of the paper is structured
as follows. Section 3.2 reviews the existing literature on job impacts of AT. Section 3.3
describes our methods for both the analysis of operator-hour impacts and semi-structured

interviews. Section 3.4 presents the results and 3.5 concludes.

3.2 Literature Review

Given the relatively recent advances in automated driving technology, there are a limited
number of studies that have been conducted on the job impacts of automation on truck
driver jobs. Viscelli (2018) (44) has analysed the impact of automation based on a similar
‘transfer hub’ operational model assumption shown in Figure 3.1, where highway driving is
automated while human drivers perform the urban segments of the route. Using revenue
data from major trucking carriers and estimates of average per driver revenue, Viscelli (2018)
(44) estimates nearly 300,000 long haul jobs to be at risk. As per the analysis, these at-risk
jobs are primarily concentrated in dry van and refrigerated trucking, which are characterised
by high turnover and low wages.

Similarly, Gittleman and Monaco (2020) (45) have undertaken a study analyzing the
potential job losses from automation. They also find that contrary to several estimates in
the media, the upper bound on job losses from automation are likely to be 400,000 jobs, far
less than popular estimates of 1-2 million jobs at risk. Gittleman and Monaco (2020) (45)
perform this analysis using 2002 Vehicle Inventory and Use Survey (VIUS) data to gather

estimates of the operational use of heavy trucks. They then apportion the number of long
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haul truck drivers using Occupational Employment Statistics data from the Bureau of Labor
Statistics. Their study also notes that only a specific aspect of trucking - long haul highway
driving - is ripe for automation and that operators who perform other tasks or are involved
in customer facing roles such as in package delivery services are unlikely to face job losses.

Groshen et al (2019) (46) consider different scenarios of adoption of automation and
analyze the job impacts in different sectors of the economy using simulations and consultations
with industry experts. They estimate 60-65% of heavy truck and tractor-trailer truck driving
jobs to be eliminated with full implementation of automation (46).

Waschik et al (2021) (47) leverage a dynamic model of the U.S. economy to simulate the
macroeconomic impacts of automated trucking in the economy. They consider three different
speeds of adoption: slow, medium and fast and find that employment in for-hire trucking
falls by 20-25 percent and in private trucking by 4-5 percent across the scenarios considered
(47). Broader benefits in terms of productivity and employment in the economy are found to
outweigh the employment impacts on long haul operators and the study assumes that long
haul operators will switch to short haul jobs, minimizing the overall effect on the workforce.

Finally, future of work studies around the deployment of automated vehicles have also
delved into the issue of job losses in trucking from automation. For instance, Leonard et al
(2020) (48) suggest that automation will create new roles such as remote management of
trucks, dispatching, and field support while disrupting day driving jobs. However, they do
not estimate the number or share of jobs at risk.

We found no examples in the literature of analyses that used trucking routes and shipment
data or examined the specific capabilities of the technology (e.g. - only operating in favorable
weather conditions) to estimate the labor impacts of automated trucking. We also found
no studies which undertook interviews with stakeholders including long haul operators to
understand their perspectives on the tasks required over the highway legs.

Outside of the specific case of automated trucking, we also find a broad literature in
economics on the impacts of automation on employment. Frey and Osborne (2013) (49)
model the probability of computerization for different occupations and find that workers in
transportation and logistics are among those at high risk of automation, partly due to their

low wages and low levels of educational qualifications. However, their methods, including
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considering that entire occupations rather than single tasks within jobs can be automated
have faced criticism. Arntz et al (2016) (42) have shown that jobs are a bundle of tasks and
while tasks may be easy to automate, jobs are often not. As such, forecasts of a large number
of job-losses from automation, such as Frey and Osborne (2013) (49) can overestimate the
impact of automation. One of the questions that therefore emerges here is the composition of
tasks involved in long haul trucking. We attempt to unpack this through our semi-structured
interviews with truck operators.

Borland and Coelli (2017) (50) study the impact of automation on employment in
Australia and find that total work available did not decrease following the introduction of
computerization and that job turnover in the labor market has also not increased due to
computer-based technologies. Mokyr et al (2015) (51) have analyzed the history of automation
and job losses, explaining how there has always been anxiety on how technological progress
will cause substitution of machines for human workers, leading to unemployment. However,
such scenarios do not come to pass because the long-run effects of technology are beneficial
in terms of net job-creation (52) and technology only impacts the type of jobs available
and what they might pay. Technology can also complement labor resulting in increased
productivity, earnings, and demand for labor (52; 53).

Nevertheless, perceptions of large job losses from automation are present in the social
and political discourse. In terms of the perception of automation in trucking, Dodel and
Mesch (2020) (54) have shown how workers in occupations involving a greater number of
manual or physical tasks, such as in the case of long haul trucking, can have more negative
perceptions regarding the impact of automation on their livelihood. Orii et al (2021) (55)
analyzed discussions related to automation among the members of the r/Truckers subreddit

and found that less than 1% of comments had positive views on automation.

3.3 Methods

We contribute to the literature in the field by drawing on the CFS data (39) to get a reliable
estimate of the density of long haul trucking in different regions and the operator-hours
required for different routes. Our primary analysis is centered in the use of freight data

along with routing and operator-hour algorithms to estimate the share of operator-hours
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that may be lost to automation. We complement this quantitative analysis with a limited
number of interviews with long haul trucking stakeholders to understand the feasibility of
a transfer-hub mode of deployment. Overall, our mixture of quantitative and qualitative
methods is based on the triangulation method (56), useful for analyzing socio-technical

transitions and emerging technologies. We further elaborate on our methods below.
3.3.1 Data

The Commodity Flow Survey is a well known dataset for transportation planning and
research, produced every five years by the U.S. Bureau of Transportation Statistics, U.S.
Census Bureau, and the U.S. Department of Commerce. The latest iteration, CFS 2017,
is a sample of 5.9 million shipments from approximately 60,000 responding establishments
(39). We disregard inter-modal shipments and focus on shipments delivered through for-hire
trucks and private trucks. We only consider shipments routed over more than 150 miles as
those are commonly classified as long haul (57; 44). This subset contains nearly 1.5 million
trucking shipments detailing origin and destination states, shipment distance, weight, and
financial quarter. The data also contain a weighting factor, which can be used to estimate

the total number of shipments of that type in the population.
3.3.2 Routing

We draw on the Google Maps API and the GGMAP package (58) in R to estimate highway
and (sub)urban splits for each shipment. For the purposes of routing we categorize two
types of shipments in the dataset: intrastate and inter-state. Intra-state shipments are those
where the shipment does not cross state borders. Inter-state shipments are those where the
state of origin is different to the state of destination.

We apply a differentiated methodology to calculate the highway and (sub)urban splits
for each shipment depending on whether the shipment is within a state or across it and
depending on whether the shipment has listed origin and destination Metropolitan Statistical
Areas (MSAs). MSAs are listed for many but not all shipments in the dataset. If MSAs are
not provided, we use the closest approximation of origin or destination location.

The different types of shipments and the methods used to calculate the highway and
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(sub)urban splits and highway and urban average speeds are shown in Table 3.1.

For inter-state shipments we proceed as follows. Where possible we use the origin and
destination MSAs from the CFS dataset in Google Maps and estimate the highway and
urban distance ratios (details provided in the next subsection) for those routes which we
then apply to the actual shipment distance from the dataset. To do this, we assume that
the precise origin or destination is the centroid of the MSA. For shipments that specify
either the origin or destination MSA (but not both), or specify neither origin nor destination
metropolitan areas, we use the rest of the state centroid which is defined as the centroid of all
other areas of the state that are not listed MSAs. Note that this is an approximation which
affects the estimate of the highway and sub(urban) split but does not affect the distance of
the shipment, which is provided in the CFS dataset.

For intrastate journeys we apply the same method for shipments which have specified
origin and destination MSAs. For those that do not, we apply the highway and sub(urban)
split derived from the Freight Analysis Framework dataset (59) by splitting the roads into
those have average speeds below and above 50mph.

Let the place of origin be designated as p,; and place of destination be designated as pq
where i is a shipment. Then, consider a shipment from p,; to pq; where p,; and pq; are set
as per the cases listed in Table 3.1. The Google Maps API where applicable then provides
us with detailed route directions which list the amount of time driven for any stretch of
road before the next turn and so on. This allows us to calculate speeds for each section and
then split the drive into segments which are greater than or equal to 50mph (classified as
highway) and below 50mph (classified as urban or suburban). Note that the route suggested
by Google Maps may be different depending on the time of day that the API request is sent.
We therefore ran several iterations of the routing algorithm at different times of day and
found no discernible difference to our results.

Let the highway segment of this journey be h; and the urban sections u;. Let the

origin-destination distance be d;. The highway to total ratio r; is then defined as:

hi
N (3.1)
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Table 3.1: Truck routing calculation methods

Shipment Case Highway/Urban Ratio | Highway, CFS
Type Calculation Urban Ton-
Average miles
Speeds Cal- | share
culation
Both origin & destination | Origin MSA area to desti- | Google Maps | 34%
Inter-statg have MSA specified nation MSA area in Google
Maps
One of origin/destination | MSA area to Rest of State | Google Maps | 42%
has no MSA specified centroid in google maps
Both origin & destination | Rest of State centroid to | Google Maps | 15%
have no MSA specified Rest of State centroid in
Google Maps
Both origin & destination | Origin MSA area to desti- | Google Maps | 3%
Intrastate| have MSA specified nation MSA area in Google
Maps
One of origin/destination | FAF (2012) Fixed to 55,25 | 4%
has no MSA specified mph
Both origin & destination | FAF (2012) Fixed to 55,25 | 2%

have no MSA specified

mph

We then use these calculated ratios for each origin-destination combination and apply

them to the actual shipment distance from the CFS dataset. This allows us to calculate the

highway and urban leg lengths Dg 11 ; and Dg ; for the shipments in the dataset.

Let the shipment distance be Dgs;. Then,

Dsyi= Dsgj*r;

and then,

3.3.3 Operator-hours calculation

Dsy;i =

Dg* (1 —1)

(3.3)

The final step involves the calculation of urban and highway operator-hours. We assume the

urban legs are equally split at the two ends of the journey with the highway leg in between.

We apply a constraint of 11 hours of daily driving as per hour of service (HOS) regulations
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(57) and then calculate the operator-hours required for the highway and urban legs of the
journey. Using this information and the aforementioned weighting factor we are then able to
calculate the total operator-hours as well as the share of highway and urban operator-hours.

Let day; hours be the number of hours remaining that can be driven on day 1 of the trip
after completing the initial urban leg. Let O be operator-hours described for both highway
leg Oy and urban leg Op. Let highway and urban driving time be Ty and Ty respectively
which can be calculated from the average velocities Vi and Vi for the respective segments

also derived from the Google Maps API where applicable. Then for shipment i:

Ds v, i
Tor: — Y, 1 3.4
U,i VU,i ( )
and similarly
Dsn, i
Thi = ——— 3.5
Hi VH,i ( )

Then, our algorithm to estimate the operator-hours is described below. Note that [(x)]

denotes the ceiling of x and x%y denotes the remainder of x when divided by y.

ifrom1:1

T .
dayy; = 11 — g’l

if dayl,i Z TH,i then

if day1; < Th,; then
Oni =Ty, + f(%ﬂ * 10
end if
if (DHMLiyoryy 4 TUS S 19 ghen
Ouy;i=Tuy;+10

else
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The algorithm can be explained as follows. If the highway driving time is less than the
number of driving hours remaining on day 1, then the shipment is simply completed on the
day and the highway operator-hours are equal to the highway driving time. However if the
highway driving time exceeds this then the driver undertakes the journey over the following
days with 10 hours of rest following 11 hours of driving as mandated by law. The urban
driving time is simply the time taken to drive the urban leg if the second and final urban
segment can be completed staying within the HOS requirements, else it is completed with a
day of rest.

With the calculated urban and highway operator-hours for each trip we can then estimate
the total operator-hours across both highways and urban areas using the trip weighting
factor provided by the CFS dataset. The weighting factor is the estimate of the true number
of trips of such type in the actual population and is available for each shipment in the CFS
dataset. Let the weighting factor be II. Further let shipment weight be W. Then for the

total operator-hours Oryia we have:

I
Wi
Orotal = Zl(OH,i + Ouy) * II; * TI (3.6)
1=
where TL is truckload or the total weight that can be carried on one fully loaded semi

truck.

Then the urban and highway share of the total operator-hours, US and HS, is simply:

I W
> izt Omi ¢ I x 7

HS =
OTotal

(3.7)

I W
. > iz Ouji x Il % 7

Us
OTotal

(3.8)

Note that the highway share (HS), across both inter-state and intrastate trucking, is the
share of operator-hours at risk from automated highway trucking. US represents the share
of hours that must still be driven by a human driver.

Notice that if the truckload is a constant, such as for e.g. fully loaded class 8 semi trucks,

then it cancels in both the numerator and denominator of equations (3.7) and (3.8) and is
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therefore irrelevant to our results. More information on methods including the limitations of
our approach are provided in Supplemental Information (SI) of the published manuscript

(35).
3.3.4 Interviews

In order to obtain some assurance about the validity of the assumptions underlying the
transfer hub model, we undertook semi-structured interviews with stakeholders in the
trucking industry using a purposeful sampling methodology (60) which was formulated
through authors’ prior work in the automated vehicle domain (6) as well as prior informal
conversations with companies and researchers in this area which helped us identify relevant
questions and stakeholders. For our conversations with drivers in particular, we used snowball
sampling (61): we identified an initial set of drivers who have a public profile (e.g., have
podcasts or YouTube Channels about trucking) and asked them to introduce us to their
colleagues. We stopped when we achieved data saturation (62): that is, when conversations
with new drivers did not introduce us to new concepts or phenomena (63). We spoke with
stakeholders across automated trucking startups (2), truck drivers (5), trucking logistics
operators (1), and labor union representatives (1). In terms of our selection of different
interviewees, we deliberately sought to elevate the voices of truck drivers in our sample,
relative to other actors such as automated trucking startup CEOs or logistics operators.
This is because of two reasons. Firstly, operators were best placed to provide us with the
operational challenges and opportunities for the transfer hub model of automation, given
they are currently in charge of the major task that automation may replace (driving). Second,
much of the narrative and coverage around automated trucking in the popular media has
focused on the claims made by private operators, without much consideration of whether
long haul drivers themselves believe that a switch to automation is feasible. Note that our
sample size was not designed to enable generalization to all the stakeholders in long haul
trucking. Our sample size and qualitative method (semi-structured interviews) were instead
selected with an idiographic approach (60), focused on gathering detailed insights into the
tasks truck drivers performed on a journey. The interviews also highlight interesting areas

for future research. Most importantly, as part of the triangulation method (56) we use to
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analyze automated trucking, the interviews complement our quantitative analysis of the
CFS data and the routing and operator-hour algorithms we present by providing a feasibility
check on the deployment modes assumed in this paper and which have been promoted by

technology companies. The full list of interviewees is provided in Table 3.2.

3.4 Results

Our analysis finds that up to 94% of operator-hours for truck drivers are impacted if the
technology is deployed across the continental U.S. in all conditions. However, if restricted to
the states where testing is currently taking place, only 10% of operator hours are impacted.
The capabilities of the technology and decisions around where and how AT should be
deployed will therefore determine the extent of impacts on the long haul operator labor
market. Below we first discuss the findings from our exploration of possible scenarios of
deployment, and their associated impacts on operator-hours, if realized. We analyze the
extent of the possible increase in short haul jobs if AT delivers cost and time savings in
freight delivery and show that this is unlikely to outweigh the hours lost to automation.
Then, we present the takeaways from our semi-structured interviews with stakeholders in
long haul trucking. Finally, we end with a brief discussion on the labor impacts in sectors

associated with long haul trucking.
3.4.1 Scenarios

We consider different scenarios of deployment which correspond to constraints the technology

may face in the near-medium term. They are as follows:

e Deployment in southern, sunny states only - To our knowledge, significant AT testing
currently takes place in Florida, Texas, and Arizona. We hypothesize that initial
highway deployment will be restricted to states in the southern sun-belt (see Figure
3.2) to minimize risk of exposure to snow or hail which may be outside the limits of
safe operation of the technology and therefore only consider routes between or within

these states.

e Deployment across all states over the financial quarters Q2 and Q3 which encompass
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Figure 3.2: Highlighted southern sun-belt states where a transfer hub model for
automated trucking may first be deployed

the spring and summer months from April 1 to September 30 - The CFS dataset lists
the financial quarter of shipment allowing us to assess a scenario where all journeys

that would be performed in more favorable weather are automated.

e Deployment for journeys above 500 miles only - While AT may be financially optimal at
even short distances of around 100 miles (see SI Section 2 of the published manuscript),
the time required for switching trailers and separating urban and highway legs could
mean that journeys which currently cannot be performed in a single day given HOS
requirements will be automated first. Long haul operators can comfortably cover 500

miles without stopping so we set this as the threshold.

e Widespread deployment - deployment of transfer hub based AT across the United
States and automation of all highway driving. While this is likely to take several years,
it can be thought of as the most extreme scenario in terms of job losses. Note that

most studies in the literature (45; 44) only consider this scenario .
3.4.2 Operator-hours:

Figure 3.3 shows the impact on operator-hours across the different scenarios considered,
with each scenario considered as additive (cumulative) to the previous scenario.
In scenario 4, with widespread deployment across the continental United States, 94% of

current operator-hours may be automated. On the other hand, we find that deployment
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Figure 3.3: The impact on operator-hours as each deployment scenario becomes
feasible, cumulatively building on the previous deployment. Starting with only a
10% impact on operator-hours, automation can eventually put 94% of current long haul
operator-hours at risk

of automation only in places where companies are currently testing the technology, i.e.
the southern states, limits the impact to just 10% of operator-hours (scenario 1). These
estimates could represent a potential trajectory, over time, for impacts on employment, if
the technology improves over time. It is likely that near term deployment, if any, will be in
favorable weather conditions and in states with favorable regulation, precisely those states
where testing is currently taking place. If this is then further expanded to all parts of the
country but only in the favorable weather months, i.e. financial Quarter 2 and 3, then we
find that over half of operator-hours could be impacted. If automation is then extended to
all shipments over 500 miles, we find that a further 33% of operator-hours are impacted.

Other possible deployment scenarios and their impacts are shown in Table S1.
3.4.3 Changes in demand and price elasticity of freight:

Automation is likely to dramatically reduce the need for labor, which constitutes roughly
40% of the cost of trucking (64). It is also likely to eliminate HOS requirements, which
currently mean that—unless two drivers work in tandem—a truck remains idle for more
than 60% of the time in order to allow the driver to rest (57). As a consequence, automation
will reduce the amortized capital cost of the truck, which constitutes another 16% of the
cost of trucking (64). Finally, the elimination of HOS requirements will make trucking faster

than it is today, since the trucks will no longer have to stop for driver breaks. Cost and
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delivery time reductions in the delivery of freight through automated trucking may result in
increased demand for trucking shipments. This may happen in two ways.

First, freight that was previously routed through air, train, or inter-modal services may
now be shifted to long haul trucking. The modal choice of freight could therefore tilt in favor
of trucking. There is considerable variation in modal elasticity estimates in the literature
(65). For example, Abdelwahab (1998) (66) has estimated an elasticity of -1.44 and -0.99 for
truck modal choice given an increase in trucking shipment time and cost, respectively. More
recently, Christidis et al (2009) (67) reviewed a number of studies and found cross-elasticities
of rail and road that range from 0.3 to 2. Dahl (2012) (68) has found limited elasticity for
trucking demand to fuel costs.

Second, cost and time reductions in freight delivered through trucking may increase
demand for freight services in the economy overall. This increase in demand will increase
the overall operator-hours required to fulfill long haul trucking shipments.

While elasticities vary widely in the literature for these factors as described above, we
find that any resultant increase in demand for freight from some or all of these factors is
likely to have a small impact on operator-hours. Further, this increase is unlikely to offset
the overall operator-hours at risk due to automation. For example, even a 50% increase in
demand for trucking services, which translates to an overall elasticity of 5, will only offset
5% of the at-risk hours due to automation, dropping the overall share from 94% to 89%
of operator-hours at risk. This is simply because even though such an increase will lead
to great demand for trucking services, the large majority of all operator-hours will still be
needed on the highway (Figure 3.3).

A large increase in demand of the magnitude of 50% or more for trucking services is
in fact unlikely. Trucking already dominates the freight market with 70% of tonnage in
the United States shipped through trucks (69). Freight that is today delivered through
competing modes such as rail is often because of reasons other than cost or shipment time,
for example, gross weight requirements, or because a close coupling between the location of
the rail tracks and siting of various industrial facilities. Overall, we find limited evidence
in support of the claim that increases in demand for trucking due to the economic and

productivity gains from automation will create short haul jobs that will offset the highway
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operator-hours lost due to automation.
3.4.4 Jobs

What do these impacts on operator-hours imply for jobs? It is important to note that we do
not directly characterize job losses from automation in trucking, focusing instead on the
share of operator-hours that will be impacted. This is because data for the number of long
haul truck drivers in the United States is not available to a high level of accuracy, owing
to the large number of owner operators. Estimates have a wide range, from a few hundred
thousand to millions of jobs. Studies which attempt to put a number on the total jobs lost
therefore run the risk of a large error and are often not comparable due to the differing
assumptions about the baseline number of jobs.

Nevertheless, translating the share of operator-hours impacted to different estimates of
the number of long haul trucking operators in the United States can provide some insight.
Previous analyses has estimated the number of long haul operators to be between 300,000 -
400,000 (44; 45). Waschik et al (2021) (47) estimate that there are roughly 550,000 long
haul operators, in their modelling of the macroeconomic impacts of automated trucking.
Our results on the share of operator-hours at risk from automation would therefore mean
that anywhere from 30,000 to more than 500,000 jobs may be impacted, depending on the

scenarios presented above.
3.4.5 Discussion with Stakeholders

Scholars note that typically, only some of the tasks that constitute a job, are amenable
to automation (52; 42). As such, tasks are easy to automate; jobs are often not. Existing
literature has noted how truck driving jobs have increasingly been reduced to solely the task
of driving (44; 70). While this supports automation, one of the major challenges we envisaged
to AT deployment on highways is maintenance and repairs. However, upon speaking with
actors in the trucking industry (interviews 3-9) we found that employed truck drivers do
not perform any significant maintenance and repairs on their truck. Instead, drivers simply
call for assistance and trucking companies send out repair teams or arrange for a repair

appointment at the nearest service station. ATs will therefore need to be able to send out
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distress signals and get assistance when needed. While some drivers indicated that they do
perform some maintenance on their trucks (interview 7,9) this was restricted to minor fixes,
for e.g. a broken headlight. Often drivers indicated that their companies did not want them
to try to repair problems with the truck but instead rely on expert help. Some trucking
jobs are union jobs and in those cases the drivers often have clauses in their contracts that
restrict them to only driving and not having to perform work such as maintenance and
unloading (interview 2).

The benefits of automation in terms of shorter trip times and lower costs could quite
easily and quickly be incorporated into trucking operations and logistics, as per one of our
interviews with a Senior Manager at a logistics firm (interview 4). AT startup executives
acknowledged that both weather and lighter regulation motivated their decision to test
in states such as Florida and Texas (interviews 1,3). This raises questions regarding the
widespread application of this technology to all parts of the continental United States.

Interestingly, every operator (interviews 5-10) we spoke to said that they could not
see any major barriers to ATs performing highway journeys. Several of them (interviews
5,9,10) highlighted the difficulties posed by inclement weather conditions, places where
lane markings are absent, and routing if Global Positioning System (GPS) signal is lost,
which could mean that some routes continue to be driven by human drivers. All drivers we
spoke to try to use their maximum allowed driving time of 11 hours in a day. They all also
indicated that there are often several weeks where they do not have any direct contact with
their employers and simply perform their tasks as assigned. All drivers also indicated their
trucks are tracked with GPS and therefore companies and customers are continuously aware
of their location. Our discussions indicate that the job of long haul trucking has indeed
effectively been reduced to a single task, which—given conducive external conditions—makes
it amenable to automation.

We further offer some propositions for future research to explore. Due to the limitations
of our sample size, the lack of segmentation between different types of drivers, and no
consideration of potential confounders, these are not intended as conclusions.

Proposition 1: A larger volume of shorter trips may not compensate for the loss of

work associated with automated long haul trips. A transfer hub model will require drivers to
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shift to short haul jobs. The most common pay structure currently for “truck-load” drivers,
who haul full truckloads worth of generic containerized freight for a trucking company (and
not for a shipper like Walmart or Target), is payment per mile of haulage. They are often
not paid for the waiting and paperwork that occurs at the beginning and end of each trip.
Truck load drivers seek to maximize the time they keep the cargo moving. A shift to shorter
trips would increase the ratio of stationary (unpaid) to driving (paid) time, reducing their
wages per hour worked (70). In our limited sample there was near consensus among our
interviewees that the shorter trips and lower pay that may come from urban driving jobs
will be unattractive (interviews 5-9). Therefore one of the interesting questions for future
qualitative research based on a large sample size would be to understand operators’ views
on shifting to short haul jobs and whether these might hinder or accelerate a shift to the
transfer hub model.

Proposition 2: Transfer hub deployment could create short haul jobs in locations that
are different from where long haul truckers currently live. A shift to only urban driving
will likely require operators to live in sub(urban) areas. At least one operator we spoke
with expressed reluctance to shift to short haul trucking for this reason alone (interview 9).
Around 40% of older truckers come from rural areas so it’s possible that the geographical
shift will prove a barrier to transitioning current operators to short haul jobs, which speaks to
the cultural significance long haul trucking jobs have carried in the U.S. (71). However, these
new jobs may prove attractive to new truckers joining the workforce, who are increasingly
from urban areas (72). Again, this is an important question for future work and will require
careful study. Shifting of employment from rural to urban areas for trucking will naturally
have political implications, particularly given the existing rural-urban divide in the American
political landscape (73).

Proposition 3: Partial automation is viewed negatively by heavy truck operators, as
previous studies have suggested (74). Partial automation systems have also been criticized
in the broader safety literature as they may lead to disengaged and distracted operators who
are too quick to trust the technology and will be unable to react in a timely and safe manner
should something go wrong (75). Many companies involved in self-driving technology are in

fact skipping partial automation systems and focusing solely on full automation (76; 77; 78).
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Economically, if companies still have to pay drivers for their labor and also pay for the
system, it is difficult to see how this would be attractive compared to the current system of
only paying drivers, unless the cost savings from increased safety were significant. All drivers
(interviews 5, 7-10) in our limited sample expressed dislike for partial automation systems
that they have used or experienced such as lane assist and emergency braking. How might
views on such technologies differ depending on the age and experience of truck drivers? We
believe that future work on the transition from human driven to automated trucks and the
potential role of partial automation systems as a bridge technology must take into account

the views of drivers, as they will be the primary users of such technologies.

3.5 Conclusion and policy implications

Automation of the major part of the job - in this case highway driving - will naturally put
downward pressure on wages in the long haul trucking industry. It is unclear that the labor
supply will easily adjust to the new level of prevailing wage and operating requirements (short
haul jobs) in the market. Our limited number of interviews certainly highlight the challenges
employers may face in transitioning long haul operators to different jobs such as short haul
driving. It also suggests that the deployment of AT is being driven by techno-economic
considerations alone with limited understanding of the social consequences, consistent with
the broader narrative around automated mobility technologies (79). Although companies
have claimed that such technologies will benefit truck drivers, our evidence does not suggest
that the motivations of truck drivers are part of the designed operation of this technology.
Moving away from industry led visions of AT futures will require a greater understanding
of the motivations and interests of long haul operators, and a participatory approach to
shaping AT deployment (80).

In the currently envisioned transfer hub model, short term adjustment costs are likely
and potentially notable. As we show, a significant share of operator-hours will be affected if
the technology is deployed in all conditions and locations. Further, we argue that this result
is robust to increase in demand for freight delivered through trucking if as assumed, the cost
of long haul trucking falls due to automation.

We do caution however that the potential loss of a significant share of operator-hours to
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automation need not be necessarily viewed as permanent unemployment or as a permanent
welfare loss. Long haul trucking has been characterized by turnover rates of nearly 100% in
recent years (81). The profession is increasingly unattractive to potential new entrants with
most new operators lasting less than a year in the job. This has occurred in substantial part
through a concerted effort to make trucking cheaper by paying drivers less; for example,
by encouraging many drivers to operate as independent contractors (70). Wages may need
to increase as these arms-length employment arrangements are challenged in court and as
it becomes increasingly difficult to find new drivers. This dynamic may strengthen the
economic case for automation.

Historically, technological change has resulted in short term employment shocks but
realignment in the labor market means that these shocks have limited impact on the broader
economy in the long run, as new industries grow and workers transition to new jobs with
new skill requirements (53). Long haul operators may therefore move across to different
sectors after a period of unemployment, some may transition to lower paying short haul jobs
that will be created by the transfer-hub model, others may retire prematurely (47).

The sharp reduction in labor cost makes the economics of ATs compelling but will
disrupt livelihoods and, by potentially shifting demand from rail to trucks, likely also
increase emissions of greenhouse gasses and other air pollutants (82). The threat of jobs
lost due to automation in trucking may also have profound political impacts, the existing
literature has found increased support for radical right wing parties as the risk of automation
increases (83). Policymakers could demand that—in exchange for permission to deploy ATs
on public roads—truck operators re-invest some of the monetary benefits of reduced labor
costs to ameliorate the disruption to employment and in reducing the environmental footprint
of the trucking industry (84). Ultimately, societal and political choices can determine the
mode of deployment of AT capabilities, and accordingly, the winners and losers of any shift

to automation of long haul trucking.
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Table 3.2: List of interviewees

Number | Job Title Affiliation Date
1 Chief Technology Officer | Automated Trucking Startup A 24th April 2019
2 Legislative Representative | Teamsters 14th August 2019
3 Chief Operating Officer Automated Trucking Startup B | 22nd November 2019
4 Senior Manager Large Trucking Logistics Firm 10th February 2020
5 Trucker JB Hunt 22nd September 2020
6 CDL Coordinator CCAC 22nd September 2020
7 Trucker Holland 15th October 2020
8 Trucker Holland 20th October 2020
9 Trucker Poly Trucking 21st October 2020
10 Trucker American Service Line 12th November 2020

3.6 Data Availability

The Commodity Flow Survey (2017) dataset used in this paper is publicly available from

the U.S. Census Bureau.
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CHAPTER IV

Agent based modelling of fully-electric taxis in ridesourcing

4.1 Introduction

Major TNCs such as Uber and Lyft have committed to a fully electric vehicle fleet by 2030
(85). Several cities, states, and countries in which major TNCs operate have also announced
goals for full electrification of the light vehicle fleet. Going forward, urban areas will therefore
see greater deployment of electric taxis and their share of the ridesourcing fleet will increase.
Automation is also a major objective for TNCs. Lower operating costs and therefore prices
due to automation may increase VMT and lead to congestion (34). A combination of these
two technologies - automation and electrification - therefore has the potential to disrupt
existing patterns of transport emissions and energy use. Governments must carefully manage
both these transitions in order to support the eventual decarbonization of road passenger
transport. Careful policy design is also needed to ensure that this transition does not
exacerbate unequal access to transport (e.g., by cannibalizing public transport services or
inequitable distribution of services).

This chapter presents a novel agent based model (ABM) that can answer a series of
questions questions around automated and human-driven electric taxi deployment related to
GHG emissions, energy use, equity implications such as impacts on transit, local air pollution,
local electricity demand impacts, and more. While there exist several ABMs studying the
impact of taxi fleets, I improve on the existing literature by building a model that can
incorporate real life TNC trip data; draw on the labor economics literature regarding labor
supply decisions of TNC drivers; and analyze in high geo-spatial detail the vehicular and

infrastructure needs for all electric ridesourcing.

36
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4.2 Literature Review

There has been strong research interest in modelling the operation of taxi fleets using an
ABM approach. Broadly, the literature has largely focused on the replacement of the personal
vehicle owned fleet with a shared automated vehicle (SAV) fleet. The research questions in
these exercises have therefore been related to fleet size, waiting time, trip coverage, VMT,
and other aspects of operating a fleet that can meet daily travel requirements. These studies
do not consider the replacement of existing ridehailing trips with AETSs but rather, the
replacement of all personal vehicle travel with travel through a SAV fleet. Most of these
studies also do not consider AEVs but focus on conventional engine AVs. An exhaustive
literature review of ABMs for automated taxi fleets can be found in Jing et al (2020) (86).

An early example of such modelling is Fagant and Kockelman (2014) (87), who build an
ABM to study how a SAV fleet can service simulated trips in a hypothetical symmetric grid.
They find that a shared fleet can lead to significant reductions in emissions and the number
of cars needing to be self-owned for personal travel(87). Boesch et al (2016) (88) also build
an ABM using a well known ABM for transport, MATSim, to study the fleet size required
to meet simulated travel trips in Zurich, Switzerland. They also find that fleet sizes can
be substantially reduced compared to the original personal vehicle fleet if SAVs are widely
adopted. AEVs are not considered. Liu et al (2017)(89) compare the probability of choosing
a human driven vehicle to a SAV based on a stochastic process that involves four different
fare levels for Austin, Texas. They find that longer distance travelers prefer SAVs to human
driven vehicles and SAVs are also preferred to transit options for trips shorter than 5 miles
which is the majority of journeys(89). Martinez and Viegas (2017) (90) assess the impacts
of a SAV taxi and shared autonomous taxi-bus fleet in Lisbon, Portugal through a custom
built ABM that draws on a synthetic population of trips within the city based on a mobility
survey. They also find significant reductions in carbon emissions (up to 40%) with increased
vehicle occupancy and despite increased VMT, through the deployment of shared automated
taxis. This result of emissions reductions also comports with Liu et al (2017)(89).

Chen et al (2016) (91) do consider AEVs in their simulation and also use travel survey

data for more realistic trip simulations in their study of a shared AEV fleet in a simulated
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grid based on Austin, Texas. They also consider the number and placement of charging
stations in order to enable recharging and continued operation of the AEV fleet. Fleet size
is found to be highly dependent on charging infrastructure and vehicle range, trade-offs
between charging investments and EV range is considered in the paper through a financial
analysis model (91) which finds a 80 mile AEV to be the optimal choice that minimizes
costs while meeting travel demand. Chen et al (2016)(91) however do not constrain the
number of chargers or the size of investment, therefore allowing for an unlimited number
of stations. Trips are also considered for a broad use for travel purposes, i.e. replacement
of personal owned vehicle travel with an SAV, rather than the specific use by TNCs or a
taxi fleet replacing existing ridehailing trips. Loeb at al (2017, 2018) (92; 93) also perform a
similar analysis for the same region, but with some additions for realism including a more
realistic network grid for movement of agents and time dependent shortest routes for trips.
The analysis however yields similar conclusions and once again does not draw on ridehailing
trip data. Bauer et al (2018) (94) do consider AEVs and draw on taxi trip data for New
York City to predict the battery range and charging infrastructure requirements for a fleet
of automated electric taxis operating in Manhattan. Routing is achieved through the use of
the Google Maps API which calculates distances and travel time for approximately 500 set
of points in Manhattan (248004 point pairs), which are then used to interpolate values for
trips between other locations.

Further work has included ridesharing capabilities in an ABM framework to allow for
further reductions in fleet size and other operational targets in meeting travel demand
(95; 96). Specifically, Lokhandwala and Cai (2018) (96) study ridesharing in automated
taxis in the city of New York using trip data from the New York Department of Transport.
They however do not consider electric AVs and associated charging decisions. Farhan and
Chen (2018)(97) expand on Chen et al (2018)(91) and consider ridesharing for a shared
AEV fleet for Austin, Texas. They find that ridesharing can decrease fleet size and the
number of charging stations required but leads to significant increase in waiting times. Lu
et al (2018)(98) apply an ABM built in GAMA, a platform for spacial ABM simulations
to Ann Arbor, Michigan to study the environmental implications of an AV taxi fleet. Trip

demands are simulated and matched with the US National Household Travel Survey (NHTS)
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2009 data. Interestingly, they find that when using conventional internal combustion engine
AVs, energy consumption, GHG, and SOy emissions are 16%, 25%, and 10% higher than
conventional solo commuting due to unoccupied miles between trips, which is commonly
referred to as deadheading. Lu et al (2018)(98) suggest that converting to electric AVs offers
little improvement in environmental outcomes due to the high emission intensity of the local
electricity grid.

ABMs for human-driven taxis are less common in the literature. Bauer et al (2019) (99)
build an ABM which draws on data regarding driver shifts to study the infrastructure needs
for ridesourcing fleets in New York City and San Francisco to be fully electrified. They use
trip data from the NYC Taxi and Limousine Commission as well as the San Francisco County
Transportation Authority for Uber and Lyft trips. For New York City, their model clusters
origin and destination locations into cells with a total of 6,500 cells and trip times between
these cells are pre-processed using the Google Maps API. For the city of San Francisco,
they cluster origin and destination into zones and create a distribution of trip times and
distances for each zone-zone pair. Any vehicular movement in the model is then assigned by
randomly drawing from this distribution. As such, this work does not involve any in-model
routing or step by step knowledge of where taxis are at any given moment. Rather, similar
to the other studies reviewed above, once a vehicle is assigned a destination, it is provided
the estimated time and distance to that destination. The model then stops tracking that
vehicle until it has relocated to the destination point. This relocation strategy is a common
feature in ABMs looking to minimize computational costs for routing and accordingly gives
up on geo-spatial detail.

Finally, Moniot et al (2022) (100) build on the Highly Integrated Vehicle Ecosystem
(HIVE) simulation model presented in Fitzgerald et al (2021) (101) to study direct current
(DC) fast charging infrastructure needs for the city of New York drawing on driver shifts,
home locations, and overnight charging access rates. Routing is achieved through the
OpenStreetMap road network, coming closest in approach to the model I propose in the
next sections. However, the network is limited to just 47,000 nodes, which is significantly
smaller than actual city networks. For example, the city of Chicago, which I focus on in the

next chapter, has 293,532 intersections.
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From this overview of the literature I note four points of interest which motivate my
work. First, a majority of the models reviewed do not use real world ridehailing trip data,
relying on simulated data which in some cases is matched to mobility surveys. As such,
these studies look to create a SAV fleet that can service all personal travel within the city,
assuming that SAVs will completely replace the need for personal owned vehicles. Second,
few studies consider battery-electric vehicles. Third, geo-spatial detail is often extremely
coarse in these ABMs, with most routing and infrastructure siting done at the zone or block
level which can lead to over or underestimations of trip distances, times, and energy use. It
also precludes studying ride-pooling given that taxi locations are coarse and not tracked in
every step. Fourth and finally, I note that many of the studies in the US have focused on
the Austin region owing to the large transport research community located at University
of Texas. A few others looked at New York City. I found no ABM studies for the city of
Chicago, which I focus on in the next chapter.

Overall, I identify space for a contribution in the literature through using TNC dataset
of trips, a focus on battery-electric ridesourcing vehicles, significantly improved detail on
vehicle routing and mapping, and focusing on driver decisions rather than consumers as
most transport ABMs have done previously given that it is drivers and vehicles which will
have infrastructure needs and impacts.

FEmissions and energy impacts of these studies were also estimated in the aggregate
through a change in VMT multiplied by a constant emissions factor. Instead I will consider
marginal, i.e. consequential emissions from vehicles charging during different times of the
day as per their operations and the resultant emission impacts using long run marginal

emission factors.

4.3 Model Research questions

The ABM is designed to enable research on a number of different questions relating to the
deployment of electric vehicles in TNC operations across a number of different cities. With
certain modifications to agent rules, it may also be possible to use the model to study future
deployment of automated taxis.

I list a few questions of immediate interest here, noting that the first question is the
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focus of the next chapter.

e Effects of battery size and charging infrastructure on life cycle externalities
of Uber and Lyft: If TNCs fully electrify, what are the likely lifecycle externalities
from GHG pollution and VMT? How do those externalities vary across different battery

sizes for vehicles and different levels of DC fast charging infrastructure?

e Effects of charging infrastructure on equitable access to TNC services: What
are the impacts in terms of equitable access to mobility services depending on charger
installations? Since many variables in the TNC dataset for Chicago such as pickup and
drop-off locations are reported at the census tract level, I can augment these data with
auxiliary datasets at the census tract level such as socioeconomic and demographics
variables from the American Community Survey and transit supply variables from the
General Transit Feed Specification. This will allow a study of how fully-electric TNC
services might interact with riders across different socio-economic levels, as a function

of charger placements.

e How can fleet charging complement grid decarbonization strategies? TNC
vehicles could be responsible for the majority of DC fast charging demand due to
their high utilization and requirements for charging during shifts. Existing literature
has shown how EVs can play a role in decarbonizing the electricity grid, for e.g. by
soaking up excess electricity during certain hours of the day which allows for greater
penetration of renewables. How should incentives for DC fast charging during certain
hours be designed and how might those impact driver decision making and TNC
operations? Combining this ABM with a capacity expansion model could shed light

on the value of alternative charging strategies on GHG emissions.

4.4 Methods

I present a novel ABM which is summarized in Figure 4.1 below. The model takes as input
a 24 hour period of real world ridesourcing data from operating TNC fleets. Additionally,

the model has as an input the Open Street Map based geographical layout of the city,
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direct current (DC) fast charging infrastructure spread across the city, and labor economics
literature based estimates of driver shifts. There are three main types of agents in the model:
customers, taxis/drivers, and charging ports (DC fast charging). Customers are dispatched
into the model as per the TNC data on trip origin times. They have origin locations and
destinations they wish to travel to and accordingly request a ride. Taxis fulfil those ride
requests by matching with customers. Taxis enter the model in response to rising customer
demand, and each taxi exits when it either hits its own revenue target for the day, or when
its fuel drops below a critical threshold. Finally, charging stations earn revenue when taxis
charge at the stations. Details on each of these agents and the agent rules that govern their

behavior are discussed in the following sub-sections.

Inputs: Model Outputs (collected every 5 steps): Post Processing Outputs:
+  Customer trip data + Taxis +  Taxi deadheading ratios
DC charging infrastructure Taxi revenues per hour
Number of ports Total Fleet VMT
Power rating (kW) Customer waiting times
Vehicle battery pack size + Status, Waiting time % of trips served within 20 minutes
Initial vehicle SOC + Position and Destination DC Charging Utilization & Revenue
Fleet sizing « Chargers DC Charging Emissions
Drivers’ shifts * Position Level 2 End of Shift Charging
« Status, Revenue Level 2 End of Shift Charging Emissions
*  Model outputs Battery Manufacturing Emissions
+  Number of agents of each type VMT externalities (e.g. congestion, noise)

* SOC, VMT, Revenue, Status
« Position, Destination, Route
Run simulation +  Customers
mmmmmmm—— ¢ TOtal 24 hours/ 1 dayof trips

« Each modelstep = 8 seconds

Drivers’ driving & charging rules
City’s OpenStreetMap network

Simulation End

Start (t=0) |._>| Is model timer < 10800 (24 hours / 86400 seconds in real time)

Model step advances by 1
Agent step

S Customers
1. Open taxis which do not fall below SOC thresholds or above revenue 1. Open customers update their waiting time by
targets are assil toopen using i i increasing it 8 seconds

5
£

Model step

. New customers dispatched into the map if
the scheduled time of their trip matches in-
model time.

. Every 15 steps (2 minutes) the open

si
. Those open taxis who do not find a customer follow their driving

heuristics as applicable

. Open taxis who fall below SOC thresholds find nearest available charging

port or follow driving heuristics as applicable

. Open taxis who have exceeded their revenue targets exit the map
. Taxis who are charging receive 8 seconds worth of 150kW charge — if

2

3.

4.

If waiting time of an open customer exceeds their
waiting limit (20 minutes) they exit the model and
their trip is logged as unserved

Customers who are en-route continue their journey
with the taxi and update their location

Customers who are picked up update their status to

customers/open taxis ratio is calculated. SOC now exceeds their charging target they revert to open status undertaking trip
. If the ratio exceeds a predetermined 6. Taxis already en-route to customer or undertaking trip continue their 5. Customers who finished a trip, i.e. reached their
threshold, new taxis enter the map to bring journey destination exit the map
the ratio back to the predetermined level. 7. Taxis who have finished their trip log the revenue from the trip and revert
to open status Chargers ' . .
8. Taxis who reached a customer pick them up and update their destination | 1- Chargers which are in use update their revenue
to customer’s destination 2. Chargers update their status as applicable
9. Taxis who reached a charger either start charging or queueing, or revert
to looking for an available charger if neither option is available.

Figure 4.1: Flow chart for the ABM showing model inputs, model stepping
sequence along with agent actions at each step, and model outputs

4.4.1 Agent Rules: Customers

Data on customer trips is obtained from real world TNC trip data. Each customer agent
enters the simulation at the time of their travel. They search for a taxi. First, customers

search for a taxi. More details on the matching between customers and taxis is provided in
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the sub-section on Fleet Manager. Once customers are picked up by a taxi, they move in
the taxi to their final destination. After being dropped off, customers are removed from the
simulation. All the time that they participate in the simulation their activity in the model is
recorded, in particular their ID, location at each step, and how long they had to wait for a
ride. I enforce a waiting time limit of 20 minutes for customers, i.e. if customers do not get
picked up within 20 minutes they exit the simulation and the model records that the trip
was not serviced. Customer waiting thresholds are common in the agent based modelling
literature [e.g. - (89; 94; 99)]. Many studies assume a waiting time of 10 minutes while some
others consider 15 minutes. I use 20 minutes as a threshold as it is more likely to correspond
to real world threshold waiting times for Uber/Lyft as opposed to 10 or 15 minute wait
times which are more aggressive metrics. This is particularly true in recent months given
the ongoing driver shortage and longer wait times experienced by consumers as reported
frequently in the media (102). As TNCs do not publicly reveal any data on their wait times

it is not possible to benchmark this assumption to real world data.
4.4.2 Agent Rules: Taxis

Taxis or taxi drivers have attributes such as their ID, position on the map, their current
destination and route, their revenue for the day, revenue target, and state of charge (fuel
level). Each individual taxi enters the map at a random location, this is a necessary because
there is no publicly available data on where Uber or Lyft drivers live. They then search for a
customer. Once they match (rules described in the next sub-section on Fleet-Manager) with
a customer they go to pick the customer up, then journey to the customer’s destination, and
start the process again. At any point of time during searching for a customer or searching
for a charging station, i.e. if the taxi is not engaged in picking up a customer or doing a
ride, if their fuel level drops below a certain threshold (20% SOC during peak hours and
30% SOC during off-peak hours), they look for the nearest charging station that is available.
Fuel thresholds to look for refuelling stations is a common approach in the ABM literature
[e.g. (87; 92; 99; 100)]. Lower thresholds were set for looking for a charger in peak hours
because empirical data on charging by battery-electric vehicles in TNC fleets in California

has shown consistent dips in charger utilization during peak hours as drivers try to maximize
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time on the road and earnings (3). It is assumed that drivers would have access to an app
which would inform them of the available charging ports in the city. Once they identify a
charger, taxis journey to the charging port and start charging on arrival, unless the port
is taken before they arrive, in which case they queue. Queuing is however restricted to a
maximum of 1 car in the queue per port, so if there is already a car charging at that port
and a car waiting behind it, taxis look again for an open charging station. At any point of
time during searching for a customer or searching for a charging station, i.e. if the taxi is
not engaged in picking up a customer or doing a ride, if their fuel level drops below a critical
threshold (10% SOC), they exit the map.

Taxis at charging stations charge back up to 80% SOC. I choose 80% as the threshold as
DC fast chargers are meant to get vehicles up to 80% SOC in 15-20 minutes, but charging
speeds are much slower after. Drivers in the middle of their shifts are therefore unlikely to
wait long for the additional 20% energy.

Finally, drivers end their shift once they have crossed their revenue target for the day.
More details on driver shifts and revenue targets are provided in the next Chapter when I
instantiate this model for a particular study for the city of Chicago. Drivers can only end
their shift when they are not engaged in picking up or dropping off a customer. At the end
of their shift, I assume that drivers go back to their home location and charge back up to
their starting SOC using a L2 charger, if their final SOC is less than the SOC they started
the day with. L2 chargers are not tracked in the model as they are assumed to be widely
available at or near each driver’s home location. L2 chargers are also only assumed to be
used at the end of the driver’s shift, while DC fast charging is used in-between shifts and

their utilization is tracked through the model (see Subsection 4.3.4).
4.4.3 Agent Rules: Fleet Manager

Matching of customers to taxis and vice versa are undertaken through the use of a virtual
fleet manager. This would be analogous to the role that the TNC platform provides for
customers and drivers.

Previous ABMs usually assign the nearest taxi to customers (87; 88; 89; 92; 94; 99).

Certain metrics, such as taxi SOC can be used as a tie-breaking mechanism (94), for e.g. if
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multiple taxis are equidistant to a customer.

TNCs use a complex mix of rules and algorithms to match riders to drivers, and have
individual-level data on customers’ willingness to wait from their ride history, drivers’
willingness to take certain rides and more. Given the lack of data and publicly available
knowledge on such algorithms, I design a simpler matching sequence that builds on the
literature while also staying relevant to what is known about Uber and Lyft’s real world
ride-matching rules.

Each open customer in the model searches for a taxi first within a 5km radius. All
possible open taxis are identified. Then, the customer is assigned the taxi which has the
minimum match metric. The match metric is an equally weighted sum of the distance of
the taxi from the customer (measured in metres) as well as the revenue of that taxi. Note
that distance is measured as per the spherical distance between locations on the earth’s
surface and not the precise driving distance on the road network in order to speed up
computation. The motivation behind the heuristic of using both distance and revenue in
matching customers to taxis is that TNCs attempt to equalize driver revenues across the
fleet (103). Given a choice between a taxi that is 1 minute away and has earned average
revenues for the day, and a taxi that is 2 minutes away but has earned no revenue so far,
it is likely that TNCs would assign the lower revenue vehicle and reasonably expect the
customer to wait an additional minute. How much weighting should be given to revenues
and distance is clearly an open question. Seed runs demonstrated equal weighting to be
a reasonable heuristic for meeting the preset performance metric of serving 95% of rides
within 20 minutes. Simply assigning the nearest vehicle as most previous ABMs have done
lead to certain vehicles having an out-sized share of revenues while others do not earn any
money at all. Clearly, this is unlikely to be the operational model of TNCs.

If no open taxi is found, the search radius is doubled and a search is conducted over a
10km radius following the same process. Note that the search radius is limited to 5km in the
first search to prevent an unnecessary number of calculations of the distance for taxis that
are further away if there are already taxis present in the 5km radius. If no taxi is found
again in the 10km search, the customer continues to wait and repeats the search in the next

step, until the 20 minute maximum wait time has elapsed.
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Each open taxi in the model searches for a customer first within a 5km radius. All
possible open customers are identified. Then, the taxi is assigned the customer which has the
minimum match metric. The match metric in this case for the taxi is an equally weighted
sum of the distance of the taxi from the customer (in metres) as well as how long that
customer has been waiting. The motivation behind this heuristic is that TNCs attempt to
serve all customer demand in order to ensure customer retention. If taxis were only assigned
to the nearest customer, as most previous ABMs have done, certain customers in some parts
of the city would never receive a ride or the taxi fleet size would have to grow significantly
to serve all demand. Further, given a choice between a customer that is 1 minute away
and has waited for zero minutes so far, versus a customer that is 2 minutes away but has
waited for 10 minutes already, TNCs might prefer to allocate the taxi to the customer that
is further away as the nearby customer is likely to accept waiting for a bit longer for a ride.
How much weighting should be given to waiting time and distance is again an open question.
Seed runs demonstrated equal weighting to be a reasonable heuristic for the goal of meeting
95% of trips within 20 minutes.

If a taxi is assigned a particular customer, and that same customer had also been assigned
that taxi from the customer search described above, which is conducted first, the two are
matched together. However, if the driver does not match, either because their assigned
customer actually matched with another taxi, or because there were no customers in the
5km radius, the taxi must decide what to do. In fact, one of the key questions from a model
design perspective and also for environmental outcomes is what do drivers do when they
do not find a ride? Again, I make use of heuristics to guide behavior. The location of a
customer that was assigned to the taxi within that 5km radius but with which it did not
match is used as a heuristic. The driver moves in the direction of that customer anyway,
even though they were not matched. The real world behavior this is meant to imitate is that
drivers can anticipate where demand is likely to be from previous driving days, and might
drive in that direction while they are waiting to be assigned a ride. If the taxi however does
not identify any open customers at all within 5km, they search within 10km. If they match
based on the process described above, they are assigned the customer for a pickup. If they

do not match, they simply start driving towards the area of the map which has typically
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highest demand, which for most cities is the downtown area. Again, this is meant to imitate
the real world heuristics driver might use, as most TNC demand is downtown in cities,
drivers are likely to gravitate towards the downtown area if looking for a ride, particularly if
they are in less travel dense areas of the city where there are no customers within a 5km
radius.

Previous ABMs have also grappled with the issue of relocating taxis when they do not
find a ride. Fagnant and Kockelman (2014) (87) assume relocation by a central fleet manager
or waiting in place for any time necessary. Chen et al (2016) (91) also assume variety of
relocation strategies, again centrally controlled by a fleet manager. Bauer et al (2018) (94)
assume that the fleet manager would have well trained algorithms to relocate taxis to future
demand in order to meet trips within the 10 minute maximum waiting time. Since all these
studies focused on automated vehicles owned by a central operator, such approaches can
be considered reasonable. However, current TNC operations are not centrally owned and
managed. Drivers make decisions on what to do and so I attempt to model driver heuristics

and decisions.
4.4.4 Agent Rules: Charging Ports

DC fast charging ports are located at fixed points on the map, often with multiple ports at
a single location/charging station as is common, and have attributes such as their position,
their status (open or not), their queue status (open or not), and revenue. Tracking the
utilization of chargers in each step by monitoring their status allows me to infer the level of
charging demand at any given point of time in the day. Utilization and revenue both allow
for identification of chargers which are better performing in terms of servicing TNC vehicles.

Chargers cannot be reserved by taxis but their status can be viewed by taxis in the
simulation. As indicated above, this is meant to represent a real world application where
drivers might be able to see which ports are free. Multiple drivers might select the same
port to drive to at any given point of time and whoever reaches the port first would be the

first to charge.
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4.4.5 Model attributes
4.4.5.1 Fleet Sizing

Sizing the vehicle fleet to serve demand through the 24h period is a key question in the
design of ABMs for ridesourcing operations.

As the model step is described in Figure 4.1, I increase the fleet size in response to
the ratio of open taxis to open customers. Uber and Lyft do not have any way to bring
drivers online apart from providing them price signals and incentives when they see consumer
demand rising and insufficient taxis on the road. Two key questions from a model design
perspective are: 1) What is the appropriate ratio of open taxis to open customers? 2) How
quickly should the supply of drivers, i.e. the ratio, adjust as new customers come online?

Several seed runs were performed for the city of Chicago using TNC data to test exactly
this, how many available taxis to available customers are required to be able to serve more
than 95% of trips within 20 minutes while also not significantly increasing deadheading
and reducing driver average revenues. I found that a 15:10 ratio is often sufficient for most
days, i.e. a ratio of 15 available taxis to 10 waiting customers. Other days required a 25:10
ratio, i.e. 25 available taxis to 10 waiting customers. This led to more than 95% of demand
being satisfied within 20 minutes with median waiting times of 2-3 minutes (more details
are provided in Chapter 5).

Next, on the question of how quickly this ratio should re-adjust as new customers come
online - the range can be once again reasonably inferred. Bringing more drivers online every
few seconds in response to consumers coming online is likely to be a) inefficient - because
other drivers may complete their trips in the next minute or so and become available again,
leading to an oversized fleet and b) unrealistic - because TNCs do not have any physical way
to bring drivers online and can only send them signals of price increases or incentives. Drivers
will take time to respond to those and leave their home or current task to start driving.
However, adjusting the supply every 10 to 15 minutes is likely to result in a significant
amount of trips going un-served. As a base case the model re-adjusts to the ratio every 2
minutes in real-time or 15 steps in model time. From seed runs for the city of Chicago, every

2 minutes was found to be a reasonable interval. Naturally, this leads to periods where there
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is over-supply or under-supply, and in as much as this happens, it mirrors the real world
where there may be periods with lower or over supply of drivers. Modelling analyses can
incorporate sensitivity runs with different adjustment times, e.g. every 5 minutes.
Previous ABMSs which focused on automated vehicles had centrally controlled fleets did
not have drivers ending their shifts and dropping off. Fleet sizes were fixed through seed
runs in order to fulfil all demand with set thresholds of time (for e.g. 10 minutes or 15
minutes) (87; 88; 25; 95; 89). Loeb and Kockelman 2018) (92) varied fleet sizes for different
customer: taxi ratios. Bauer et al (2018) (94) chose 10 min as the maximum waiting time
for customers and if no taxis could fulfil the request within that window from the entire fleet,
a new taxi was created to serve that demand. As such, the taxi fleet grew gradually over
the day, analogous to my approach described above. Bauer et al’s (2018) (94) simulation
however accordingly produces the minimum number of taxis required to serve all demand,
whereas my approach does not explicitly seek to do so, as TNCs do not have full control
over the number of drivers that drive on a particular day. Rather, my approach attempts to
smooth an oscillating signal (the open driver to open customer ratio) to a more constant

signal, similar to control theory approaches.
4.4.5.2 Map and routing attributes

The spatial aspect of the model works on the basis of Open Street Maps. .OSM files are
loaded into the model which specify the geographical layout of the city in question, containing
many hundred thousand intersections and the road network. Routing in the model can
take place between any two road positions on the map. This model is the first to bring
this granular level of geo-spatial detail to the movement of customers and taxis in agent
based modelling for transportation. For example, the city of Chicago, which I use as a test
case in the next chapter, has 293,532 intersections and 174,408 roadways. In order to speed
up computation, customer pick up and drop off locations are approximated to the nearest
intersection instead of the middle of a street - this is likely to also happen in the real world
as in many cases taxis might only be able to stop at intersections or meet up with customers
at those locations for a pick up. Vehicle speeds in the model can be exogenous or calculated

in the model on the basis of the particular road the vehicle is driving on, for e.g. 40mph
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on highways, 20mph on city streets. For the purposes of my simulation, I set the speed
to 10m/s or 22mph which is an approximation for the average speed of vehicles in urban
areas. To simplify computation and increase speed, I do not compute route alternatives and
routing is achieved through the shortest path algorithm, which is executed once for agents

that need a route. Agents follow that calculated path until they reach their destination.
4.4.6 Computation

A high level of routing detail along with hundreds of thousands of customer trips and several
thousand taxis naturally involves a heavy computational cost. This is no doubt one of the
reason why most transport ABMs in the literature do not incorporate such level of detail
and prefer facile routing setups such as hypothetical, highly simplified grids (87; 25; 91) or
low resolution mapping with a few hundred nodes in a city (94).

To address the issue of computation cost I build the model in Julia. Julia is a relatively
new, open source computing language built for high performance computing with several
in-built parallel computing capabilities. The Agents.jl package in Julia (104) allows for the
creation of ABMS, including spatial ABMs based on OpenStreetMaps. While Agents.jl offers
its own stepping functions, these are not specifically designed to take advantage of parallel
computing capabilities. In particular, routing the agents is the most computationally heavy
part of the model. Given that several thousand agents in the model might need to calculate
a route at any given point of time, using the default stepping functions would slow down
the model considerably.

As such, I design a custom stepping function to allow routing computations to benefit
from multi-threading capabilities that Julia offers. In each step, as agents update their
attributes, those agents requiring a route in that step (for e.g. taxis who have just been
assigned a customer and must now journey to pick them up) are collected. The routing
calculation for those subset of agents is then threaded across multiple cores, taking full
advantage of the native Julia multi-threading feature. This parallelization allows me to
reduce run-time of the model by 50-80%, compared to a naive implementation which uses
the default Agents.jl stepping functions or does not parallel process routing.

The second expedient means used to speed up computation is to avoid calculation
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of distances on the road network. Distance calculations between agents are required in
the model, for e.g. when matching customers and taxis. However, instead of precise
driving distances on the road network, I approximate distances using the spherical distance
calculation, which calculates the distance between two latitutde and longitude points on a
sphere (the earth’s surface). This approximation may in some cases under-estimate driving
distances between riders and drivers, but precise distances are not particularly crucial, as
recall that the matching radius is already set within a certain range, to enable nearby taxis
to be located for drivers.

Finally, overall model design is guided by the principle of avoiding, as much as possible,
calculations that require full visibility over all agents. An example of this is matching riders
to drivers. A top down method of doing this might seek to minimize total driving distance
or time. In this case, given a set of vehicles, and a set of customer locations, one could ask -
what is the appropriate allocation of vehicles to customers that minimizes distance? Or that
minimizes time? Such a formulation is NP hard, as commonly described in the computer
sciences, which means that the required solution time increases exorbitantly with size as
more and more routes and combinations need to be processed. Instead, while my matching
sequence described in Section 4.3.3 may not always result in the minimum driving distance
or driving time required to fulfil all rider pick ups, it allows for bottom-up calculations
where one does not need to calculate all possible combinations between agents, and instead
agents self-select into appropriate matches. To what extent is the matching algorithm of
Uber or Lyft likely to represent one or the other approach? Evidence suggests that Uber or
Lyft do not assign drivers to riders based on overall fleet metrics because supply is highly
individualized given rider and driver histories. Uber and Lyft offer prices and waiting times
to riders on the basis of past data on willingness to pay, willingness to wait, current weather
(for e.g. is it snowing or raining), and even the battery level on the individual’s smartphone.

As a result of these model design steps, a full day (24h worth of trips) simulation involving
more than hundred thousand customer trips and several thousand taxis can be completed
on a personal laptop (8 cores) in just 3-4 hours. I also run some simulations on the Great
Lakes Computing Cluster, which further speeds up computation due to the advantage of

greater parallel processing capabilities (36 cores) and can complete certain 24h simulations
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in less than 1 hour of run-time.
4.4.7 Data Collection from Model Runs

Data is collected from the model every 5 steps (40 seconds in real time). In theory data
collection can be performed at every step. However, this offers limited benefits while
significantly increasing the size of the data frame in memory, which slows down simulations.

At the end of the simulation a dataframe is written into memory which contains informa-
tion on all the attributes of all the agents that were active in that step. For a 24h simulation,

this results in several million rows of data.

4.5 Model Summary

4.5.1 Future extensions

It is common for models to go through various stages of development. The ABM presented
in this chapter is the first iteration. I plan to continue to develop increased capabilities and
two important future extensions are listed here.

First, the high level of geo-spatial detail in this model compared to prior ABMs will
be particularly useful for adding ridesharing or pooling as a model capability. This is
especially relevant because media reporting on TNCs has shown that pooling will be a
critical component of their operations going forward and their path to profitability (105).
Currently, all trips in the model are considered as solo trips and there is no ability to pool
different customers into the same vehicle. Going forward, one of the first steps in future
model development will be to add ride-pooling which will naturally require careful design to
avoid a significant computational cost.

Second, vehicle speed in the model is currently considered exogenous and constant, which
is a limitation given that speeds can vary significantly by time of day due to congestion, the
type of road (urban highway vs residential street), and road elevation. Incorporating more
realistic speeds for vehicles will be a key consideration for the model going forward as this

will impact trip times and energy use.
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4.5.2 Limitations

ABMs by design involve a number of different assumptions regarding agent decision making.
Capturing millions of complex interactions between humans, technology, and infrastructure
that influence TNC operations requires a host of simplifying assumptions. I have detailed
the assumptions underlying this model extensively in the Methods section. In particular,
the assumptions regarding driver behavior (e.g. thresholds on when to charge and what to
do when no ride is found) are homogeneous, i.e. all agents of a particular type behave in the
same manner. In the real world, different drivers may have different decisions when faced
with the same situation, as some may be full-time drivers while others might be part-time.
Further, some drivers may have access to home charging while others may not which may
influence charging decisions. Absent extensive real world data on Uber and Lyft drivers
in terms of their home locations, habits, and preferences, it is difficult to ascertain how
realistic some of these assumptions might be. Similarly, part of the challenge with designing
a matching algorithm to match riders with customers is that TNCs do not publicly share
their algorithms, which means that we are left approximating what might be happening in
the real world, with limited information on how close that approximation might be.
Further, despite the careful computational design, 24h model runs still require several
hours to run on a personal laptop, which limits the number of cases and sensitivity analyses
that one can run. This means that the capacity to thoroughly interrogate all the underlying

assumptions with a large number of sensitivity runs is constrained.
4.5.3 Next steps

The next chapter showcases a particular instantiation of this model, focusing on the research
question of lifecycle externalities from fully-electric TNC operations in the city of Chicago,
across different levels of charging infrastructure and battery pack sizes. Many of the modelling
details and assumptions which might seem abstract in this chapter will come alive in the
next, and help the reader understand how the model is operationalized with real world data

to study a relevant research question.

Technology Policy Challenges of Electric and Automated Vehicles Aniruddh Mohan



CHAPTER V

Effects of battery size and fast-charging infrastructure on

lifecycle externalities of Uber and Lyft

This chapter was developed with coauthors Parth Vaishnav and Jeremy Michalek. Manuscript

m preparation.
5.1 Introduction

We use the TNC data from the city of Chicago as a test case for the model presented in
Chapter 4 and study a specific research question related to lifecycle GHG externalities of
fully-electric ridesourcing operations, across different decisions regarding level of charging
infrastructure and battery pack sizing. The chapter is structured as follows. Section 5.2
provides a brief review of the existing literature on externalities of TNCs and studies on
charging infrastructure for fully-electric TNC operations. Section 5.3 describes our methods
including the TNC dataset we draw on, data pre-processing steps, model assumptions specific
to this research question, and model setup steps. It also describes our process for calculating
the external costs of TNC operations and the scenarios we consider. Sections 5.4 and 5.5
present our results and 5.6 discusses the implications of our findings. Finally, Section 5.7

notes some limitations of this work.

5.2 Literature Review

The potential impact of fully-electric ridesourcing services on GHG emissions has started
to receive attention in the recent literature. A study focused on California found that

converting ridesourcing to EVs will triple emissions reductions (3) compared to converting
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personal-owned vehicles, due to the larger VMT for vehicles used in ridesourcing. Greenblatt
and Saxena (2015) (106) suggest automated electric taxi deployment will lead to up to 94%
reduced per mile GHG emissions in 2030 due to rightsizing for trips, decreases in electricity
sector emissions intensity, and higher efficiency vehicles gaining market share due to the
need for more VMT. The analysis is based on city taxi data for New York, Denver, and San
Francisco. Smaller size AEVs are considered along with conventional vehicles. Bauer et
al (2018) (94) also consider AEVs and find that in Manhattan, a shared AEV fleet would
reduce GHG emissions by 73% compared to an automated fleet of conventional internal
combustion engine (ICE) vehicles. Bruchon et al (2021) (107) study TNC operations and
find that when lifecycle air pollution and GHG emission externalities are internalized, the
share of fully-electric vehicles in a least cost taxi fleet increases. They find GHG costs of
6-11 ¢/trip-mile for fleets that produce the lowest total cost (private and social costs).

Should electrification proceed on the basis of more chargers per square mile or bigger
batteries? There have been no studies which have specifically looked at this question for
TNCs and fully-electric vehicles, although Wenig et al (2019) (108) consider the trade-off
between battery capacity and charging infrastructure for plug-in hybrid electric vehicles.
They find that only a small share of long-range drivers benefit from a dense charging network.
While the study does not explicitly consider vehicles in ridesourcing, its results offer evidence
that TNC drivers, given their higher mileage, would be the biggest users of public charging
infrastructure.

The required level of fast-charging infrastructure for TNC operations has been extensively
studied in recent literature. For instance, Bauer et al (2019) (99) draw on data for ridesourcing
trips in New York City and San Francisco and find that a network of three to four 50 kW
chargers per square mile will allow the same level of service from fully-electric ridesourcing
as from ICE vehicles and at lower cost. Nicholas et al (2020) (109) analyze the charging
infrastructure required to support electric ride-hailing in the 20202030 period in multiple
U.S. cities. They offer a number of conclusions including that dedicated chargers for
ridesourcing can serve 4 to 10 times the number of drivers as public fast-chargers, widespread
home charging can reduce public charger requirements by 70-90%, and that the timing of

public use and TNC driver use of fast-chargers is likely to be complementary, i.e., peak
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usage hours for TNC drivers and the general public are at different times of day. Moniot
et al (2022) (100) study taxi operations in New York City and find that roughly 1 150kW
fast-charger is needed for 20 ridesourcing vehicles. Another analysis by some of the same
authors studies fully-electric ridesourcing infrastructure needs in multiple U.S. cities and
conclude that on average, 1 charger is required per 60 ridesourcing vehicles, albeit with
significant variation across different cities due to geographical layout, temperature-related
EV energy consumption per mile, home charging availability and more (110). Finally, a
burgeoning literature has focused on the placement of chargers to best serve demand [e.g.
(92; 111; 112)].

Overall, we found no studies in the literature which have studied the specific issue of
externalities from fully-electric ridesourcing operations across different levels of charging

infrastructure and battery pack sizing.

5.3 Methods

5.3.1 Chicago TNC trips dataset

The City of Chicago has mandated all active TNCs (Lyft, Uber, and Via), beginning
November 2018, to publish their historical TNC trip demand, as part of the licensing for
their continued operations. We use this dataset as an exogenous input into our model. The
dataset for any given day lists the origin and destination of the trip (to the nearest census
centroid), the time at which the trip started (to the nearest 15mins), the trip duration,
trip distance, as well as trip fare and other attributes. The TNC Chicago dataset has been
extensively used in transportation research (113; 114; 115; 116; 117) since its public release.
Chicago is also one of the largest ridesourcing markets in the U.S. with ridesourcing making

up about 3% of the total regional VMT (118).
5.3.2 Heterogeneity in customer demand

Demand for TNC services can vary considerably across days (for e.g. weekday vs weekend).
The COVID-19 pandemic has also caused significant changes to demand. In the city of
Chicago, the number of daily trips served by TNCs averaged roughly 300k prior to March

2020. Subsequently, demand dropped by as much as 80%, prior to vaccinations being readily
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available. Since summer 2021, the number of daily trips has started to show signs of recovery
although they are still approximately 40-50% pre-pandemic levels.

To capture heterogeneity in customer demand and ensure that our modelling accounts
for different types of TNC operation days, we simulate a number of different days. The
selected days and the characteristics of these days are summarized in Table 5.1 below.

Table 5.1: List of Days Selected for Modelling

# | Date Type | Number of trips
1 | 7th November 2019 Pre-COVID Fall Weekday 332,111
2 | 12th January 2021 COVID Winter Weekday 94,687
3 | 1st May 2021 COVID Spring Weekend 166,425
4 | 26th July 2021 Post-Vaccinations Summer Weekday 112,015
5 | 6th September 2021 | Post-Vaccinations Labor Day Holiday 106,063
6 | 15th October 2021 Post-Vaccinations Fall Weekday 212,854
7 | 20th February 2022 Post-Vaccinations Winter Weekend 145,284

Our selection of days tries to capture different dynamics : a) pre-COVID vs peak COVID
vs post-vaccination periods, b) weekdays vs weekends or public holidays; and ¢) Sum-
mer/Winter days vs Spring/Fall as the former would have cooling/heating requirements
which would increase vehicle energy-use per mile. The post-vaccinations period was cate-
gorized as after more than 50% of the U.S. adult population were fully vaccinated, which
was a threshold crossed on July 12th 2021 according to the Centre for Disease Control and
Prevention (CDC). We deliberately biased our sample set to lean more heavily towards the
post-Vaccinations period as there is increasing evidence that the business model of TNCs has
changed in recent years, with more recent higher fares the norm as they pursue profitability
(105).

The number of trips by hour across the 24h period on these different days is shown in
Figure 5.1. Figure 5.1(a) shows the four weekdays in our sample. Figure 5.1(b) shows the

three weekend or public holiday days we consider.
5.3.3 Data pre-processing

Three pre-processing steps were undertaken on the TNC dataset for the seven different days

in our sample. These pre-processing steps were necessary due to data quality issues (missing
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Figure 5.1: Number of trips starting at different times of the day across a)
weekdays and b) weekends or public holidays. Note the different scale on the Y axis.

locations) as well as data resolution issues with regards to the precise timing of customer
trips and start and end locations.

The steps are described below.
5.3.3.1 Data filtering

Roughly 10-15% of trips across the different days in our sample did not contain either a

start or end location. These trips were removed from the dataset.
5.3.3.2 Enhancing Time Resolution

The Chicago TNC dataset aggregates trip start times in blocks of 15 minutes. The exact
second the trip started is not provided to protect user privacy. Given the modelling setup
described in Chapter 4, we need a way to assign a specific second in the day that the
customer should enter the simulation and request the ride. To achieve this, we assign all
trips within a 15 minute block (900 seconds) to start at random seconds within that block.
As the model steps through the 24h period, each block of trips that are within that
model step (8 seconds as described in Chapter 4), are dispatched into the simulation.
Note that the Chicago TNC dataset timestamp describes the start of the trip itself, not
the time when customers request a ride. That information is not publicly disclosed. Our
method therefore approximates the trip start time from the Chicago TNC dataset as the

time customers that requested a ride. Given low waiting times, and the fact that the Chicago
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TNC dataset only aggregates in blocks of 15 minutes anyway, the timing discrepancy from

this approximation is likely to be low.
5.3.3.3 Enhancing Geo-spatial Resolution

The Chicago TNC dataset aggregates trip start and end locations to latitude and longitude
points of census tract or community area centroids. These offer coarse data on start and end
locations compared to our modelling geo-spatial resolution, which as described in Chapter 4,
is down to the street level.

To enhance the detail on start and end locations to exact street intersections, we
undertake the following process. First, we draw a rectangular perimeter around the provided
latitude and longitude location in the TNC dataset by increasing and decreasing latitude
and longitude location by 0.01. This creates a box of approximately 1 square miles around
the provided point which is approximately the size of a census tract. We then assign a
random latitude and longitude point which corresponds to a street intersection within that
box. This location is then assigned in lieu of the coarse centroid location.

Naturally, assigning latitude and longitude points in this manner may lead to underesti-
mating or overestimating trip distances, compared to the actual trip distances which are
reported for each trip in the Chicago TNC dataset. To ensure the error induced by this
method is not large, we run the following test.

We randomly sample 2000 trips from a selected weekday and selected weekend from
our sample of days (in this case 15th October 2021 and 20th February 2022 respectively).
We then calculate the difference in driving distance between the our assigned latitude and
longitude locations and the actual trip distance as reported by the TNC dataset. We use
the Google Maps API to estimate the driving distances between our assigned start and end
locations.

Figure 5.2 below shows the distribution of this difference.

In the large majority of cases the error induced by our method of enhancing geo-spatial
resolution is zero or near-zero. We do find a relatively longer negative tail, i.e. we are more
likely to underestimate the trip distance than overestimate it. Why might this be the case?

One explanation could be that TNC trips are longer because customers are making detours

Technology Policy Challenges of Electric and Automated Vehicles Aniruddh Mohan



5.8. METHODS 60

a) b)

0.6 0.6
3
§ 04 0.4
g 02 0.2
[T

0.0 0.0

-10 5 0 5 0 5 0 5 10

Estimated Trip Distance — Reported Trip Distance (Miles) Estimated Trip Distance — Reported Trip Distance (Miles)

Figure 5.2: Estimated trip distances versus reported trip distances for a random
sample of 2000 trips on a) weekday of 15th October 2021 and b) weekend of
20th February 2022.

en-route, either stops that they planned beforehand which made the trip longer or because
drivers were forced to make detours due to construction or other unforeseen events. It
could also be due to drivers taking a different route as opposed to that suggested by Google
Maps. Finally, some of the trips in the Chicago TNC dataset are pooled trips which will
involve longer routes and we ignore this characteristic and treat each trip as individual rider
demand.

Overall, figure 5.2 provides evidence that our method of enhancing geo-spatial resolution

is likely to induce a negligible level of error in our modelling.
5.3.4 Charging infrastructure

To site charging infrastructure in Chicago we tried to build on information regarding existing
charging infrastructure as much as possible. This is because locating charging stations
involves a number of regulatory decisions including zoning laws, electricity infrastructure
permits, and more. It is reasonable to assume that future charging infrastructure would
build on existing locations where permits have already been obtained and charging stations
are already in operation.

The Department of Energy’s Alternative Fuels Data Center (119) has a dataset of electric
vehicle charging stations by location and type (L2 vs DC fast-charging). We found that
there are currently 118 DC fast-charging ports within 25 miles of Chicago. At a base level,
the existing 118 ports were assumed to be capable in the future of fast-charging at 150kW
and exclusively available to TNC drivers. This roughly corresponds to an average of one

port every 2 square miles for the city of Chicago, although these chargers are not uniformly
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distributed throughout the city. Note that our research is not focused on answering how
much charging infrastructure needs to be built for all-electric ridesourcing. Other work in
the literature has looked at this specific question as highlighted previously in Section 5.2.
Answering the question of infrastructure requirements would naturally require estimates
on how much of the DC fast-charging infrastructure would be used by non-TNC vehicles.
Instead, we simply consider different levels of charging infrastructure availability, and assume
that those stations are exclusively available to TNC drivers when they need them. In
reality, this would of course correspond to a certain greater number of stations overall, given
appropriate information on non-TNC usage. Furthermore, TNCs such as Uber and Lyft
have already begun exploring contracts with companies building charging stations for their
drivers to exclusively access such stations.

At a second higher level of charging infrastructure, we double the ports to correspond to
a charging infrastructure level of roughly 1 port on average per square mile in Chicago. To
site the 100+ additional stations, we use the Level2 charging dataset from DOE. The dataset
currently lists 677 L2 ports in Chicago. We run a seed run of the model with these 677
chargers and identify the top 120 ports in terms of utilization. We then assume these ports
could be converted to DC fast-chargers from their current L2 speeds. Again, we assume that
these 230 stations would be exclusive to TNC drivers, which would imply a higher number
of charging stations overall given non-TNC usage.

As described in Chapter 4, drivers are assumed to only use DC fast-charging infrastructure
during shifts. At the end of a shift drivers are assumed to drive back to their home location
and use L2 charging capacity near their home, which is assumed to be widely available,
i.e. there are no fixed number of ports and therefore queuing or waiting assumed for these
chargers. All vehicles charge back up to their initial SOC by the end of the day if they finish
with less than what they started with, which ensures that the total energy needed for the

24h of trip demand is balanced.
5.3.5 Battery pack sizing and vehicle energy use
We consider two different levels of battery pack size. The first small battery pack of 40kWh

corresponds to the base model of the 2022 Nissan Leaf with an EPA rated energy consumption
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of 0.3kWh/mile and 149 miles of range (120). We then consider a second, larger battery
pack size of roughly 60 kWh which corresponds to the Nissan Leaf PLUS with an EPA rated
energy consumption of 0.31 kWh/mile and a range of 226 miles (120).

We use the EPA rated energy consumption as the default energy use per mile for spring
and fall days. However, for simulations that represent summer or winter days, we increase

the energy use by 30% to reflect cooling or heating needs (121).
5.3.6 Driver Shifts

To assign shift lengths to drivers we draw on the labor and behavioral economics literature
which has studied the labor supply decisions of taxi drivers, including drivers for Uber
and Lyft. A central finding in this literature is that the majority of TNC drivers operate
part-time and that the value of flexible work is significant for drivers (103; 122). Camerer et
al (1997) (123) have also shown previously than taxi drivers make labor supply decisions
“one day at a time” and have loose income targets in mind for the day.

TNC data for vehicles from the city of Chicago also indicates this. We ran exploratory
tests for the share of vehicles that drove a certain number of hours in each of the months
that are covered in our sample days in Table 5.1. In each case we found that a large majority
of drivers are driving part-time, or less than 8 hours per day. Hall and Krueger (2018)
(103) estimate that just under 15% of Uber drivers may be driving full time in the city of
Chicago. However, their analysis was conducted based on data in October 2015 and there is
increasing evidence to suggest a slight increase in the share of full-time drivers since then as
Uber has consistently sought to increase its share of full time drivers, particularly since the
pandemic receded and driver shortages are more common (124). A study of TNC drivers
in Seattle in 2020 found that a third of drivers work more than 32 hours per week (125).
Given these different data points, we adopt the following distribution for driver shift lengths.
We assume 20% of drivers work full time, i.e. more than 7 hours of work per day. 50% of
drivers are assumed to work between 1-3 hours per day and the remaining 30% between
4-6 hours of work per day. We do not correlate the likelihood of a particular type of driver
(full-time vs part-time) to the time in the day they are driving as there is no data to guide

this assumption.
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A larger share of part-time versus full-time drivers works in our model by leading to more
vehicles being required to come online to fulfil demand. This naturally leads to an increase in
traffic externalities as drivers enter the simulation at random points in the map (see Chapter
4, Section 4.4.2). Drivers then have to drive to where demand is if they cannot find a ride,
increasing VMT. More vehicles also leads to greater battery and vehicle manufacturing
related externalities (see next subsection). More part-time drivers however reduces the need
for DC charging infrastructure, as drivers are likely to only need DC fast-charging once

during their shift, and can charge at the end of their shift using L2 chargers.
5.3.7 External cost calculations

To estimate the GHG emissions associated with charging events we make use of the National
Renewable Energy Laboratory’s Cambium Tool which provides long run marginal emission
factors (LRMEFSs) of COq equivalents for 134 balancing areas in the United States from 2020
to 2050 (126). We set the year as 2030 to correspond to the deadline Uber and Lyft have
set to fully electrify their fleet. In the baseline scenario we draw on the mid-case projection
for the evolution of the U.S. electricity grid. Then given time t in seconds, the LRMEF in
kg/MWh denoted by A, and charger power draw in MW denoted by P, we have emissions

Echarging in each time step across all charging ports as:

I
Echarging, t = Y _ At % Pig x (1/3600) (5.1)
i=1

where 1 represents each individual charging port.
Total charging emissions for the 24h period are then simply the summation of emissions

across all time steps:

T
Echarging, total — § Echarging, t (52)
t=1

To estimate vehicle lifecycle emissions we use vehicle and battery manufacturing emission
estimates from Argonne National Laboratory’s Greenhouse gases, Regulated Emissions, and
Energy use in Transportation model (GREET) (127).

If p is the battery manufacturing emissions factor for vehicle j per kWh, 3 is the vehicle
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manufacturing emissions factor per kWh, Ly is the total expected lifetime mileage of each
vehicle, and S is the battery pack size, then manufacturing emissions associated to each

vehicle given its shift VMT as V are calculated as:

J

Vi S;* (o5 + B
Em, total — Z it JZ\(;OJ + 5J) (53)

j=1
All parameters used in Equation 5.3 are summarized in Table 5.2 below. Total expected
lifetime mileage for EVs is assumed as 120,000 miles given modelling suggests it as the

threshold for batteries to reach 80% capacity (6).

Table 5.2: Parameters for estimating GHG related externalities

Symbol/Name Description Value Units

P Battery manufacturing emissions factor 0.1 tCO2/kWh
B Vehicle manufacturing emissions factor ~ 0.125 tCO2/kWh
Ly Expected lifetime mileage 120,000 miles
SCC Social Cost of Carbon 62 $/tCO2

To calculate GHG related external costs G, we then multiply total emissions from both

battery manufacturing and charging events by the social cost of carbon (SCC):

CTYC7 total = (Echarging, total T Em, total) * SCC (54)

The assumed value for the SCC in year 2030 is $62 per ton of COs in 2020 dollars. This
is obtained from the U.S. Government Executive Order 13990, based on the 3% average
discount rate (128).

Finally, we estimate non GHG related externalities including collisions (9.0¢/mile),
congestion (6.0¢/mile), and noise (0.02¢/mile) as per-mile externalities following previous

studies (117; 129).
5.4 Results

The results are organized as follows. First, we present results for fleet metrics including the

share of deadheading for vehicles, the median time to start charging once a vehicle starts
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looking for a charger, the percentage of trips aborted, total taxis, and total fleet VMT.
Next, we present the results of total societal costs, including both GHG externalities and
VMT based externalities. Finally, we present profiles for the charging power demand across
different scenarios showing how the level of public fast-charging infrastructure influences the

timing of peak demand as well as where that demand accrues (L2 vs fast-chargers).
5.4.1 Fleet metrics

Table 5.3 below shows the fleet metrics across 3 different days which represent pre-COVID,
during COVID, and the post-vaccinations phase. For each day we present four scenarios as
discussed previously: two levels of battery pack sizing (40kWh vs 60kWh) and two levels
of fast-charger infrastructure (1 dedicated fast-charger per 2 square miles vs 1 dedicated

fast-charger per square mile).

Table 5.3: Fleet Metrics for Selected Days

Median
DC Median | Median . time
P.a ck Port / | Total Total | pickup | dead- Fleet Trips to find
Day Size . . . . VMT Aborted
(kWh) Sq— trips taxis tlrr}e heading (miles) (%) a DC
mile (mins) | (%) port
(mins)
7th Nov. 2019 40 0.5 | 285559 | 38479 2 36% | 2832174 3% 63
7th Nov. 2019 60 0.5 | 285559 | 33045 2 37% | 2780636 3% 87
7th Nov. 2019 40 1| 285559 | 30220 2 38% | 2517612 3% 31
7th Nov. 2019 60 1 | 285559 | 27632 2 39% | 2472732 3% 27
12th Jan. 2021 40 0.5 | 76986 | 8375 4 30% | 601218 2% 25
12th Jan. 2021 60 0.5 | 76986 | 7390 4 31% | 575003 2% 26
12th Jan. 2021 40 1| 76986 | 6806 4 33% | 532912 2% 5
12th Jan. 2021 60 1| 76986 | 6866 4 33% | 529232 2% 4
20th Feb. 2022 40 0.5 | 121869 | 14944 3 28% 994297 1% 31
20th Feb. 2022 60 0.5 | 121869 | 12940 3 28% | 952621 1% 35
20th Feb. 2022 40 1| 121869 | 11595 3 29% | 843284 1% 5
20th Feb. 2022 60 1| 121869 | 11597 3 29% | 836310 1% 4

Note that the ratio of open taxis to open customers was set as 25 taxis to 10 customers
for 7th November 2019 and 15 taxis to 10 customers for the other 2 days shown in Table

5.3. As described previously in Chapter 4, the ratio is calculated and fixed every 2 minutes,

forcing new taxis to come online if the ratio has fallen below the pre-determined threshold.

The threshold itself is determined by seed runs which seek to limit the percentage of trips
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aborted to less than 5%. Trips are considered aborted if customers have to wait more than
20 minutes. Different levels of comparisons are possible from the data presented in Table
5.3. We first discuss the comparison across a single day. We can see that for a particular
day, while other metrics change across different scenarios for battery pack size and charger
infrastructure, median pickup times and the percentage of trips aborted remain the same.
This is because these two metrics are most heavily influenced by the open taxis - open
customers ratio discussed above, and the ratio is fixed for a particular day. Next, for any
particular day, the number of taxis involved in the 24h period varies significantly across the
different scenarios, with the most number of vehicles required with small battery size and
low levels of charging infrastructure. The intuition here is straightforward, with smaller
batteries and low charging infrastructure, more vehicles are out of circulation either because
they spend a long time trying to find an empty fast-charger (see the column on median time
to find a DC port which represents the amount of time it took a vehicle to start charging
after it started to look for a port) or because they abort their shift as their SOC falls below a
critical threshold (10% SOC). As these vehicles are not available, and the ratio of open taxis
to open customers is fixed and adjusted back every 2 minutes, new vehicles are forced to
come online. The real world representation of this could be an imbalance in supply of taxis
and rider demand which forces TNCs to attempt to provide incentives for drivers to come
online. Increased vehicles naturally leads to increased emissions from vehicle manufacturing
(discussed further in the next section). As the battery size is increased keeping the level
of charging infrastructure constant at 1 charger per 2 square miles, the number of vehicles
required falls as larger battery packs enable taxis to do more trips before they have to
go charge and go out of circulation. On average we found that most vehicles were able
to complete their shift with just one visit to a fast-charger with a 60kWh battery pack,
while a 40kWh battery pack required two visits to a fast-charger. Note that once charging
infrastructure is set to 1 dedicated fast-charger per square mile, the trade-off between pack
size and number of vehicles is not present on 2 of the 3 days shown in Table 5.3, as time
to find a charging port drops drastically and vehicles are able to quickly recirculate back
into the fleet and be available. The exception is 7th November 2019, a heavy pre-pandemic

day, where even 1 dedicated charger per square mile is not sufficient for quick turnarounds,
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and median vehicles spend about 30 minutes either driving around or queuing before they
can start charging, leading to a noticeable difference in the number of vehicles between the
two pack sizes. This shows how infrastructure needs can be strongly influenced by peak
demand, although with the caveat that ridesourcing demand may never recover to these
pre-pandemic levels as explained previously in Section 5.3.2.

Total fleet VMT is another metric that is heavily influenced by the level of pack size and
charging infrastructure. Fleet VMT noticeably falls for larger batteries and more chargers,
as vehicles spend less time looking for a DC port and have to go to charge less often during
their shift. This suggests that if the goal is to minimize VMT related externalities such as
congestion, larger batteries may be preferable.

Finally, on deadheading ratios. We define deadheading as the share of miles a vehicle
drives looking for a ride or going to pickup a customer, divided by its total VMT in the
simulation. First, we note that as the level of charging infrastructure increases, the share of
miles spent driving around looking for a ride or going to pickup a customer increases, simply
because the number of miles driving looking for a charger (which is included in total VMT
in the denominator) drops significantly. Second, we note that deadheading ratios are almost
the same across different scenarios for a particular given day, again suggesting that what
influences deadheading the most is the ratio we set for open taxis to open customers and
the particular spatial layout of customer demand on a given day. Increasing the ratio leads
to more deadheading, as there is increased competition for customers among taxis and taxis
may not immediately find customers (over supply). How do our deadheading ratios compare
to the existing literature on TNC operations? Anair et al (2020) (130) summarize the range
of deadheading ratios spanning 20-47% with Chicago specific estimates at 41-45% (131).
There are a few reasons why our estimated ratios might be lower than existing estimates.
First, because a non trivial amount of miles is spent looking for and going to a fast-charger,
particularly compared to what drivers might drive to go to a gas station, the total miles
increases which reduces the share of deadheading in our simulation. Second, we pull vehicles
off the road completely in our model when they hit 10% SOC and additionally direct them
to go charge at 20-30% SOC depending on peak/off-peak hours which can be considered

conservative, especially compared to ICE vehicles which might be less concerned about
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wasted fuel and more inclined to keep driving even if they do not find a ride as they are
confident in being able to find a gas station rapidly when needed. Third, TNC services in
the real world have a tiered offering with certain vehicles classed as premium (e.g. Uber
Black), i.e. the more expensive service where drivers may have a lower frequency of rides
and therefore responsible for increasing deadheading in the fleet. Our model considers all
vehicles to offer the same type of service and there is no differentiation among vehicles.
Fourth and finally, one of the heuristics for drivers in our model when they do not find a
ride is to go towards the customer in the 5km radius they did not match with (as described
in Chapter 4 Section 4.4.3), which is clearly not a data point available to real world drivers,
who must rely only on their instinct and experience rather than real time data of where

consumers are. This might further increase deadheading.
5.4.2 Societal costs

We first present average GHG external costs across all the sample days in our dataset,
across the four scenarios we consider for battery pack size and fast-charging infrastructure.
Figure 5.3 below shows that if GHG costs are all that matter, lowest costs are obtained with
a smaller battery pack size of 40kWh combined with 1 dedicated fast-charger per square
mile. The worst outcome from a climate standpoint is with large battery packs and limited
charging infrastructure - this results in high vehicle manufacturing emissions and higher
charging related emissions as vehicles waste a lot of energy driving trying to find charging
ports.

The averaged results in Figure 5.3 while useful mask heterogeneity across different days.
Figure C.1 in Appendix C shows the plot of GHG costs for each of the 7 days in our sample.
We see that the order of rankings remain the same across different days, lowest costs are
obtained with a smaller battery pack size of 40kWh combined with 1 dedicated fast-charger
per square mile, followed by a smaller battery pack size of 40kWh combined with 1 dedicated
fast-charger per 2 square miles and with the worst outcome being a larger battery pack
size of 60kWh combined with 1 dedicated fast-charger per 2 square miles. However, the
magnitude of the external costs vary by as much as 5¢ per trip across different days, for the

same combination of pack size and charging infrastructure. GHG external costs are usually
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Figure 5.3: GHG external costs per trip averaged across the sample days. Lowest
GHG costs are obtained for a combination of smaller pack size of 40kWh with 1 dedicated
fast-charger per square mile. This results in a 12% reduction in GHG costs compared to the
second best scenario and a 25% reduction compared to the highest cost scenario.

higher in Summer and Winter days, reflecting the energy penalty of heating and cooling
needs which increases energy/charging requirements per trip and therefore emissions.

Next, we consider the total external costs by including traffic externalities (noise, conges-
tion, crashes). Figure 5.4 below shows the average across the seven days for total external
costs for the four scenarios considered for battery pack size and charging infrastructure.
Interestingly, we find that while the lowest costs continue to be offered by a combination
of smaller battery pack size and a higher level of fast-charging infrastructure, the remain-
ing rankings shift considerably. Due to the much higher VMT induced by limited charger
availability, a combination of the 40kWh pack size and just 1 dedicated fast-charger per 2
square miles results in the worst outcome for total external costs, even though previously it
reflected the second best outcome for GHG externalities.

In fact, adding in costs for VMT externalities results in both battery pack sizes having
almost the same level of externalities, if we keep the level of fast-charging infrastructure fixed
(Figure 5.4). This reflects the fact that higher GHG emissions are compensated by lower
VMT externalities and vice-versa. The difference in total external costs between the lower
and higher level of charging infrastructure is roughly 12% on average. Note that we do not

consider the cost of installing charging infrastructure itself because once that is amortized
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Figure 5.4: Total external costs per trip averaged across sample days. Lowest
external costs are obtained for a combination of smaller pack size of 40kWh with 1 dedicated
fast-charger per square mile. Total external costs are 11% lower with 1 dedicated fast-charger
per square mile compared to 1 dedicated fast-charger per 2 square miles.

across every trip, the costs of the investment are small. Does that simply mean investing
in an extraordinarily high amount of public fast-chargers is the way forward to reduce
externalities? Apart from the fact that there are other barriers to installation including grid
connectivity and land acquisition, the fleet metrics in Table 5.3 suggest not. Apart from the
pre-pandemic day which might not represent future travel demand as TNCs increasingly
pursue profitability, other days see a drastic fall in the time taken to start charging once
a vehicle starts looking for a charger as soon as dedicated fast-charging infrastructure is
doubled from 0.5 to 1 charger per square mile. If vehicles are already able to obtain a
charging port within 4-5 minutes (Table 5.3), comparable to finding a gas station today, it
is difficult to see large reductions in VMT externalities accruing from even higher levels of
infrastructure.

Total external costs for each individual sample day are shown in Figure C.2 in Appendix
C. Across all days considered, the ranking of scenarios remains the same with lowest costs
seen with a 40kWh battery pack size and 1 dedicated fast-charger per square mile. There
is heterogeneity in total externalities across different days for the same scenario, for e.g.
ranging from less than $1 per trip to nearly $1.5 per trip for the lowest cost scenario.

What do our results suggest about future TNC externalities if the electricity grid is

zero-carbon? Clearly, if charging and battery manufacturing based GHG emissions both fall
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to zero, VMT externalities will be the sole concern. Our results suggest that in such a case,
larger battery packs are preferable, as they reduce the need for the use of public fast-charging
infrastructure during shifts, and therefore reduce additional VMT. If however a zero carbon
electricity grid only impacts charging emissions and not vehicle manufacturing emissions
as batteries and vehicles are imported from other jurisdictions, lowest costs are once again
obtained with a smaller battery pack size and higher level of charging infrastructure (see

Figure C.3 in Appendix C).
5.4.3 Charging power profiles: Level 2 vs fast-charging infrastructure

While the previous sub-section focused on societal costs, here we look at the power demand
for vehicle charging across both slow and fast-chargers for the different scenarios we consider.
Note that as outlined previously, we consider L2 chargers to be widely available near each
taxis’ home location. We assume that taxis drive back home (their initial start location) at
the end of their shift and plug into the charger upon arrival and charge until they reach
back up to their initial SOC. Finally, a minority of vehicles do not charge upon arriving
back at home as they may have used a fast-charger during their shift and when their shift
ends, their final SOC might be higher than what they started the shift with.

Figure 5.5 below shows the charging power draw from both slow and fast-chargers on a
Spring weekend during COVID (1st May 2021). We show the charging demand between
12 noon and 12 midnight and not the full 24h to avoid sudden jumps or drops due to our
simulation start and end points. With a lower level of dedicated fast-charging infrastructure
(Figure 5.5a and Figure 5.5b), there is a stronger reliance on L2 charging. However, with
the higher level of charging infrastructure shown in Figure 5.5¢ and Figure 5.5d, drivers are
able to easily access fast-chargers which means they do not need to abort their shift and
reduces the need for further L2 charging at home at the end of their shift.

These trends are also confirmed on a summer weekday post-vaccinations (26th July
2021) shown in Figure 5.6. Again, increasing the level of fast-charging infrastructure reduces
the power draw from L2 chargers. Note that L2 power demand is far less fluctuating than
fast-charging demand due to the much slower speed of charging (5kW vs 150kW) which

means that vehicles stay plugged in for extended number of hours and power demand can
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Figure 5.5: Fast-charger and L2 charger power draw for 1st May 2021 a) and b)
represent fast-charging infrastructure of 1 dedicated fast-charger per 2 square miles and the
small and large battery pack respectively. ¢) and d) represent fast-charging infrastructure of
1 dedicated fast-charger per square mile and the small and large battery pack respectively.

cumulatively build up as more and more vehicles plug in during the day at the end of their
shifts.

In Figure 5.6 we can also see the effect of peak weekday evening hours of trip demand
between 5pm and 7pm. There is a dip in fast-charging demand during those hours as vehicles
stay out driving longer to maximize revenues given the lower SOC threshold set for peak
hours (see Chapter 4 Section 4.4.2). Power demand however climbs back up quickly towards
the end of the peak-demand period.

Finally, the most extreme case reflecting the trade-off in demand from slow vs fast-
chargers is shown in Figure C.4 in Appendix C. Here we consider the heaviest trip demand
day in our sample set, which is the pre-pandemic weekday of 7th November 2019. With lower
level of fast-charging infrastructure, L2 power demand is double that from fast-chargers
as more and more drivers cannot find fast-chargers and end their shift to use slower home

charging.
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Figure 5.6: Fast-charger and L2 charger power draw for 26th July 2021 a) and b)
represent fast-charging infrastructure of 1 dedicated fast-charger per 2 square miles and the
small and large battery pack respectively. ¢) and d) represent fast-charging infrastructure of
1 dedicated fast-charger per square mile and the small and large battery pack respectively.

5.5 Sensitivity Analysis

We undertake a brief sensitivity analysis around two major inputs in our estimates of external

costs.
5.5.1 95th Percentile SCC

The first sensitivity analysis is related to the valuation of climate damages. While we use a
central estimate of $62/tCOq for the SCC in our base analysis, existing literature has shown
the wide variations in estimates of the SCC. We use the 95th percentile estimate for the
SCC in 2030 with a 3% discount rate, which corresponds to $187/tCO2 in 2020 dollars.
Increasing the SCC by 3x clearly increases total external costs. Figure C.5 in Appendix
C shows total external costs across the four scenarios averaged across the sample days. We
find that the lowest and second-lowest total external costs continue to be with the case of a

40kWh and 60kWh battery pack size respectively with 1 dedicated fast-charger per square

Technology Policy Challenges of Electric and Automated Vehicles Aniruddh Mohan



5.5. SENSITIVITY ANALYSIS 74

mile. However, the ranking of the third and worst option changes compared to the base
case. Due to the higher valuation of climate damages, a 40kWh battery with 1 dedicated
fast-charger per 2 square miles is preferred to the larger battery with the same level of
charging infrastructure.

Total average externalities per trip increase by 16-18% for each scenario as a result of
the higher SCC. Overall, ascribing higher valuations for the social cost of GHG externalities

does not significantly change our results.
5.5.2 Adjusting driver supply

In Chapter 4 there was a detailed discussion on the adjustment of driver supply during a
24h period, i.e. how the ratio of open taxis to open customers is set at a pre-determined
threshold through seed runs. The number of taxis is increased every 2 minutes if needed,
i.e. every 2 minutes new taxis are brought online if required, in order to keep customer
waiting times down. As described in Chapter 4, TNCs do not have any way to bring drivers
online when demand for rides exceeds vehicle supply, apart from providing incentives and
nudges to drivers to come online and start driving. While our method of checking the ratio
every 2 minutes offers reasonable results as verified by model calibration to real world fleet
metrics (see Section 5.4.1 and Table 5.3, here we double the adjustment time to 4 minutes.
What might this change? If the supply of drivers is only brought back up to the set ratio
every 4 minutes instead of 2, it doubles the time intervals during which demand might be far
exceeding supply. However, increasing the adjustment time might also mean that vehicles
which were previously engaged have more time to come back online, therefore reducing
the possibility of over-supply of drivers. In terms of our research question, reducing the
possibility of over-supply would mean reducing deadheading, as taxis have less competition
with each other to be assigned customers. It would also reduce the number of vehicles on the
road and therefore vehicle manufacturing related emissions. On the other hand, increasing
the adjustment time might mean greater periods of under-supply, which might prolong
customer waiting times but reduce deadheading. There is also the possibility that these
dynamics cancel each other out, and overall fleet metrics remain the same as when supply is

adjusted every 2 minutes.
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We ran the simulations for the most recent day in our dataset, 20th February 2022,
which is our best approximation of post-pandemic demand. Comparison of fleet metrics
across all four scenarios for the base case and the case where we double the adjustment time
are shown in Table C.2 in the Appendix. We find limited variations in key fleet metrics such
as deadheading and customer waiting times for the same scenario, across the two different
adjustment times. This suggests that periods of under or over-supply are not overtly extreme
in only one direction. External costs are also virtually unchanged (less than <1% difference)
for each scenario of battery pack size and charging infrastructure, across the two different
model setups. Overall, this suggests that our results are not sensitive to the parameters

used in our method of adjusting driver supply.

5.6 Discussion

We estimate the external costs in terms of GHG emissions and traffic externalities such
as congestion from fully-electric ridesourcing in Chicago. Total external costs are in the
range of $1.2-1.4 per trip, with the large majority induced from traffic externalities such as
congestion, crashes, and noise. GHG based externalities are in the range of 10-13¢ per trip.

A smaller battery pack size of 40kWh combined with a charging infrastructure level of
approximately 1 dedicated fast-charger for TNC vehicles per square mile yields the lowest
external costs overall as well as the lowest GHG emissions. Overall costs from this scenario
are very close to a larger battery pack size of 60kWh with the same level of charging
infrastructure, despite the higher battery and vehicle manufacturing related emissions. This
is because inclusion of traffic externalities means that larger battery packs gain in relative
preference, as they reduce the need for frequent visits to fast-charging stations. In as much
as real world deployment would be a mix of larger and smaller battery pack sizes and not
a homogeneous fleet, we find that there is no sizeable benefit in terms of societal costs for
policy intervention to promote one option over the other.

Power demand for TNC fast-charging is significant, in the order of a dozen MW, and
shows patterns of peaking in the evening post the 5pm-7pm traffic rush hour. This might
mean that TNC demand is complementary to fast-charging demand from personal owned

vehicles, which would reduce need for fast-charging infrastructure to be dedicated for TNCs.
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Local electricity distribution systems may require upgrading to handle peak demand periods
and planning for such will require closer collaboration between TNCs and utilities.

How do our estimates for the external costs of fully-electric ridesourcing compare to
existing estimates for ICE vehicles? Ward et al (2021) (129) found that GHG external
costs are roughly 25-30¢ per trip for Chicago, indicating that EVs can reduce the GHG
externalities of Uber and Lyft by 50-60%. In the case of 1 dedicated fast-charger per
square mile which for most days in our sample set results in vehicles finding available DC
fast-chargers in 4-5 minutes, which is clearly comparable to finding a gas station for an
ICE vehicle, our estimates for traffic based externalities are about $0.9-1.2 per trip. This is

within the range of Ward et al (2021) (129) who estimate roughly $1 per trip for Chicago.

5.7 Limitations and future work

We note a few limitations with this work. As described previously in Chapter 4, we do not
consider pooling in this model. Trips in the Chicago TNC dataset which are pooled are
treated as solo rides. Ignoring pooling has the effect of increased VMT which both increases
energy use and therefore charging emissions, while also increasing traffic externalities.
However, on a per mile basis, externalities such as congestion and noise are far greater than
emissions. As such, inclusion of pooling is likely to further strengthen the case for the smaller
40kWh battery size and 1 dedicated fast-charger per square mile. As noted previously, future
developments of the ABM will prioritize the inclusion of pooling capabilities.

Second, the current iteration of this work ignores local air pollutants, i.e. particulate
matter based externalities. In a future iteration we will include this analysis, using reduced
complexity air pollution models to estimate the health impacts from charging and battery
manufacturing emissions. Previous work on the externalities of ridesourcing has shown local
air pollution to be a significant share of total external costs (107; 129).

Finally, results presented in this work are specific to Chicago. Other cities with different
geographical layouts, patterns of trip demand, and composition of electricity grids will
incur different external costs. There is value in regionally specific analysis and future work
must involve extending the modelling presented here to other cities in the U.S. with public

datasets on TNC demand including New York City, San Francisco, Boston and others. If
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more local governments require ridesourcing companies to share their data publicly, this will

facilitate more generalizeable insights.

5.8 Data Availability

All datasets used in this study are publicly available. The TNC trip-level data for Chicago
can be accessed via https://data.cityofchicago.org/Transportation/Transportation-Network-

Providers-Trips/m6dm-c72p.
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Conclusions and future work

6.1 Findings and policy implications

I began work on my PhD in Fall 2018. At the time, it seemed a consensus had formed
around the view that the future of mobility would be electric, shared, and automated (132).
The evidence behind this vision for the future of road transport was, however, limited upon
closer interrogation, and drew mostly from industry claims regarding 1) the speed at which
these developments could materialize; and 2) the willingness of the public to accept such
technologies. A number of events since then have proven conclusions about how passengers
and goods will travel in the future as premature. For starters, despite several more optimistic
industry claims on deployment, fully automated (driverless) vehicles are only commercially
available today as geo-fenced taxi services in certain areas, for e.g. Waymo’s service in
Phoenix, Arizona, and Cruise’s operations in San Francisco, California. A series of high
profile setbacks including a fatal crash involving an Uber testing vehicle in 2018 have led to
several companies exiting the race entirely, while others have been forced to merge forces.
Second, the COVID-19 pandemic has added further uncertainty into the mix, as visions of
shared mobility have come under scrutiny. Third, the majority of companies engaged in
testing automated vehicles use hybrid-electric vehicles, raising questions about how they
might transition to fully-electric while still powering the computation and sensors required
for self-driving.

Regulators have struggled to keep pace with ongoing technological developments, evi-
denced most clearly by the limited oversight of partial automation systems that are mislead-

ingly marketed by certain companies as fully capable of self-driving. Academic literature
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on these topics has rarely straddled both the policy and technical realms. My work aims
to fill that gap. In Chapter 2, we draw on engineering methods to show how the energy
use of automation might impact EV range by 10-15%, illustrating the trade-off between
two emerging technologies. Since that work was published, which showed that the energy
penalty of automation may not be as large as some feared, California published a first of its
kind legislation (SB-500) which requires self-driving companies to fully-electrify light auto-
mated vehicles by 2030 (133). Such legislation might show the way for other jurisdictions
to follow suit and motivate self-driving companies to invest in energy-efficient computing,
aerodynamic integration of sensor stacks, and consider the broader, systems-level impact of
their technology. Policymakers might also consider providing permits for testing on the basis
that companies commit to deploying fully-electric automated vehicles in the commercial
versions of their technology.

Long haul trucking has always been seen as the low-hanging fruit ripe for automation.
The vast majority of miles are on restricted access highways, which is a less complex domain
with limited types of vehicles and simpler driving rules. While a limited number, the truck
operators we spoke to themselves indicated that their job has been reduced to only driving,
and that they can envisage automation completing highway legs. Given that truck driving is
one of the most common professions in the United States for men with a high school diploma,
employment impacts have always loomed large in discussions about truck automation,
even making their way into presidential primaries. Companies engaged in developing this
technology have claimed that drivers will still be required on the short-haul legs to and from
highways to urban distribution centers, and that the sheer increase in volume of freight
routed through cheaper automated trucks will more than compensate for the operator-hours
lost on the highway. We interrogated the employment impacts from automation of highway
driving in Chapter 3, and found that contrary to industry claims, there is no feasible scenario
in which an increase in short haul driving hours makes up for the hours lost to automation
on the highway. Further, automation of just the highway legs will result in up to 94% of
operator-hours lost to automation, if the technology can function in all conditions. However,
most companies are currently restricted to testing in good weather in states such as Arizona,

Texas, and Florida, which would constitute just 10% of current operator-hours. Our work is
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the first to consider scenario-based deployment, assessing different levels of technological
capabilities, and showing the share of operator-hours that are impacted as the capabilities
of automation mature. Splitting up the journey into long and short haul legs can entail
significant opportunities for electrification and therefore reduce the environmental impact
of trucking. While electrifying the long haul leg over highways is still challenging due to
battery weight constraints, short haul legs of 25-50 miles near cities can be electrified with
existing battery technology. A majority of the population lives near cities and is exposed to
pollution from heavy diesel trucks, making a strong case for differentiated powertrains in
trucking. In this case, automation may actually strengthen the potential for electrification.
Policymakers might therefore demand that automated trucking companies commit to partial
electrification, in return for the societal license to operate automated trucks and reap the
significant savings in labor costs.

Finally, agent based modelling of taxi fleets has received significant attention in the
academic literature. However, most studies focus on shared, automated fleets that serve
all travel demand within a city. In the near-medium term, widespread electrification of
ridesourcing is more likely than automation. I build an ABM that can answer a number
of research questions on the impacts of EV deployment in ridesourcing. We find that for
the city of Chicago, fully-electrifying the ridesourcing fleet across different levels of battery
pack size and charging infrastructure lead to GHG externalities of 10-13¢ per trip, with
lowest emissions associated with a smaller battery pack size. This would reduce emissions
externalities in Chicago by 50-60% compared to today’s fleet based predominantly on ICE
vehicles. Interestingly, however, when traffic externalities based on miles of travel such as
congestion and crashes are considered, larger battery packs gain in preference as they reduce
the need for frequent visits to fast-charging stations. In as much as real world deployment
would be a mix of larger and smaller battery pack sizes, we find that there is no notable
benefit in terms of societal costs for policy intervention to promote one option over the other.

Overall, the work presented in this dissertation attempts to carefully disentangle the
uncertainty around societal impacts from deployment of emerging technologies - automation
and electrification - in road transport. Considerable uncertainty remains. Helping policy-

makers navigate it will require an active role for researchers and hopefully, an increasing
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role for the types of analyses presented here.

6.2 Methodological insights

6.2.1 Importance of model prototyping

Working with large datasets and incorporating a high level of geo-spatial detail both come at
significant computational cost. As detailed in Chapter 4, the ABM that I developed requires
several hours to run on a personal laptop despite drawing on advanced parallel computing
techniques to speed up performance. As such, in the model development stage it is vital to
consider model prototyping at a much smaller scale. For example, in the case of agent based
modelling, I first developed the zeroth iteration of the model without any mapping detail,
instead just using a simple grid network. Then, once I had basic agents and attributes set
up and tested, I increased the level of geo-spatial detail to model on a small, 1 square mile
cutout of the full Chicago map. This small section had just 500 nodes compared to the
full OpenStreetMap for Chicago, which as described previously has nearly 300,000 nodes. 1
was able to develop and verify significant chunks of model code and complex agent-agent
interactions just through this small model. The small scale also enabled fast visualization
of the model stepping in Julia, allowing me to quickly identify bugs, troubleshoot, and
verify. Data outputs from the model were also significantly smaller in size, allowing for
much quicker post-processing and analysis of results. I finally scaled up to the larger map
when I had full confidence in the model performing as expected across a number of tested
edge-cases. Scaling up brought its own challenges, some in terms of agent-agent interactions
and model functioning, but mostly in terms of model speed and performance. But at this
stage, due to the extensive prototyping work undertaken previously, which helped to quickly
address remaining modelling issues, I was able to fully focus on speed improvements and
achieve dramatic speed-ups through dedicated efforts on those lines.

The work on long haul trucking involved a similar experience. The analysis was conducted
in R and involved processing the CFS dataset which involves several million rows of data as
well as Google API based routing of shipments. I first worked with a random sample of a
smaller subset of shipments, developing and verifying code and model processes until the

pipeline from data input to results was working smoothly. Taking this process to the full
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dataset was then a straightforward extension of what had been already developed.
6.2.2 Value of public datasets

Publicly available datasets are the lifeblood of research on public policy. Data-heavy methods,
such as those presented in this dissertation, are only as good as the quality of data that feed
into them. I leveraged both the Commodity Flow Survey dataset on trucking shipments
as well as a TNC dataset on ridesourcing trips for Chicago. In particular, the latter was
released as part of a mandate by the City of Chicago that forced TNCs to release this data as
part of their licenses to operate in the city. As I noted in Chapter 5, this has spawned a wide
and rich literature on the operations of companies such as Uber and Lyft, particularly their
societal impacts and helped identify the levers for public policy to shape their operations
towards greater societal benefit. Going forward, it would be even more valuable if such data
could also contain additional information. Currently, it only tracks at a granular level the
trips that riders take, vehicle and driver information is much more coarse and aggregated
at the monthly level. This prevents an understanding of important questions regarding
how many drivers were active in any given period supplying their labor, and their patterns
of driving (particularly the share of deadheading). Insights into factors such as elasticity
of demand are also obstructed because we do not have any visibility on which trips were
rejected by drivers, canceled by customers, or where customers might have declined to order
a ride based on the price they saw in the app. Waiting times for customers are also not
available, which complicates calibration for the type of model that I presented in Chapter 4.

The CFS dataset while valuable, requires extrapolation to the general population as it is
a survey of responding establishments. It also does not offer detailed data on truck drivers
or vehicles. Private datasets certainly exist for long haul trucking, which track driver routes
and operations at a granular level. Enabling access to such data for researchers for academic
purposes would be critical to better model and understand how emerging technologies might

change the nature of long haul freight.
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6.3 Future work

The previous chapters have identified questions that warrant further research. There are a

number of research projects that are direct extensions to the studies presented here.
6.3.1 Electrification of short haul trucking

If automation of highway legs becomes possible, freight routed through trucks will involve
multiple vehicles, both automated and human-driven, as described in the transfer-hub model
in Chapter 3. Short haul journeys to and from distribution centers and highways could be
electrified with existing battery technology. Given that the majority of people live in urban
areas, what might be the health benefits of reducing exposure to local air pollutants from
diesel trucks? How do these benefits vary regionally and how do they compare to the costs

of electrification?
6.3.2 Ride-pooling and external costs

Including ride-pooling will enable greater generalization of the results on external costs
presented in Chapter 5 and will also allow the study of other research questions. As
highlighted previously, the model presented in Chapter 4 can be extended to different cities
with publicly available data on ridesourcing trips. It would be interesting to compare the
value of ride-pooling and therefore, the role for policy intervention in reducing externalities

across different cities, given regionally unique mobility patterns and road networks.
6.3.3 Flexible charging from TNC vehicles

Full electrification of ridesourcing will involve non-trivial levels of additional load for the
electricity grid. Is there a role for public policy to incentivize certain charging patterns that
minimize GHG emissions? How should TNC charging demand factor into infrastructure
planning by utilities? The level of spatial and temporal detail incorporated in the ABM
can be useful for companies building fast-chargers as well as utilities, to plan distribution
level infrastructure to manage peak loads and appropriately design peak demand tariffs.
Incorporating detailed power demand results from the ABM presented here into capacity

expansion models can be a fruitful avenue for future work.
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Weight, computing load, sensor load and possibly higher drag may increase the energy use of automated electric vehicles
relative to human-driven electric vehicles, although this increase may be offset by smoother driving. Here, we use a vehicle
dynamics model to evaluate the trade-off between automation and electric vehicle range and battery longevity. We find that
automation will likely reduce electric vehicle range by 5-10% for suburban driving and by 10-15% for city driving. The effect on
range is strongly influenced by sensor drag for suburban driving and computing loads for city driving. The impact of automation
on battery longevity is negligible. While some commentators have suggested that the power and energy requirements of auto-
mation mean that the first automated vehicles will be gas-electric hybrids, our results suggest that this need not be the case if

automakers can implement energy-efficient computing and aerodynamic sensor stacks.

vehicle sales around the world. Several countries are seek-

ing to phase out vehicles with internal combustion engines.
Simultaneously, automated vehicles (AVs) are being tested on pub-
lic roads. Automation could reduce vehicle energy use through
smoother driving, platooning, shared mobility and optimal rout-
ing'~. There is limited literature on the trade-offs between automa-
tion and electrification®. Early automated electric vehicles (AEVs)
may be heavier, need extra computing and sensor power, and (due
to the possible need for protruding sensors) be less aerodynamic
than EVs. It has been suggested that if these qualities substantially
reduce driving range, the first AVs will be gas—electric hybrids®,
which could slow the electrification of the light vehicle fleet.

In this paper we compare the vehicle-level energy use, range and
battery life of a vehicle equipped to attain Society of Automotive
Engineers (SAE) levels 4-5 automation to human-driven EVs, by
undertaking a careful consideration of the effect on vehicle-level
energy use of the different components needed for automated driv-
ing, as well as the potential increase in drag from LiDAR (light
detection and ranging). We find that automation is likely to reduce
EV range, and that the aerodynamic impact of LiDAR is a notable
driver of this reduction with suburban driving, while computing
loads have a greater effect for city driving. Across different EVs,
we find a median reduction in the range of 3-5% for a suburban
drive profile and no drag impacts from LiDAR. Including LiDAR
increases the median range reduction to between 8-12%. A reduc-
tion in range will lead to more frequent charging, speeding up bat-
tery degradation, but we find that this impact on battery longevity
is negligible.

Electric vehicles (EVs) form an increasing share of new

AEV energy consumption

Sripad and Viswanathan® developed a physics-based vehicle dynam-
ics model to estimate the energy demands of an EV given a realistic
driving profile. They determined the battery size needed for a given
vehicle range or equivalently, the range of an EV given the battery
size. Using a realistic velocity profile with a 1s temporal resolution,

the model calculates the instantaneous power needed each second
to overcome vehicle inertia, aerodynamic drag and road friction.
We extend this model for AEVs by adding the weight of the differ-
ent components to the mass of the vehicle and battery pack, increas-
ing the drag coefficient for automated solutions with a roof-based
spinning LiDAR. If no LiDAR is used, or if solid-state LIDAR that
is incorporated into the aerodynamic profile of the vehicle is used,
the increase in drag is zero. We also modify the velocity profile to
account for potentially smoother driving and add the computing
and sensor loads at each second. Keeping track of the total energy
used, we repeat the driving profile until the battery is fully depleted.
This gives us an estimate of the AEV range for a given battery capac-
ity. We then compare this AEV range to that of the EV to understand
how automation affects vehicle range. We run this simulation for
two types of velocity profile: the California Unified Cycle Driving
Schedule, which is a composite profile that is a city-highway mix,
and the Urban Dynamometer Driving Schedule, which is a city-only
profile (Supplementary Fig. 1). Full details of the physics model are
provided in the Methods.

There are several different combinations of sensor hardware
that are currently being tested on vehicles that aim to achieve full
automation. For example, some developers are using solutions that
include LiDAR, while others are relying solely on cameras and
radar. There are also differences in the choice of vendor for LIDAR
or radar, and in the number of sensors. Given the numerous pos-
sible combinations, we assume a uniform distribution for the sensor
and connectivity load. We bound this between 30 W and 150 W. The
lower case represents a low-powered LiDAR solution such as the
15W Ouster OS1 system’ along with two Bosch mid-range radars
(MRRs) of 4.5W each?®, three Point Grey Dragonfly cameras of
1.5W each’ and 1.5W for connectivity. Some industry developers
have also suggested that a sensor package without LiDAR is suf-
ficient for high-level automation. As such, the lower case could
also represent an optical-only system with no LiDAR and nine
cameras (1.5W each), two MRRs of 4.5W each and the remain-
ing 7.5 W for communication and connectivity. The upper estimate

'Department of Engineering and Public Policy, Carnegie Mellon University, Pittsburgh, PA, USA. 2Department of Mechanical Engineering,
Carnegie Mellon University, Pittsburgh, PA, USA. 3Wilton E. Scott Institute for Energy Innovation, Carnegie Mellon University, Pittsburgh, PA, USA.

Me-mail: venkvis@cmu.edu

NATURE ENERGY | www.nature.com/natureenergy



ARTICLES

NATURE ENERGY

— EV
— AEV

20 A

Velocity (m s™")

10 4

0 5 10 15 20 25
Time (min)

0

Power (kW)

-40 T T T
0 5 10 15 20 25

Time (min)

d 3

EV

Velocity (m s™")

0 T T
10.0 10.5 11.0

T
115 12.0

Time (min)

EV
20

Power (kW)
IS

=10
10.0

11.0

T
115 12.0 125

Time (min)

10.5 13.0

Fig. 1| EV and AEV velocity and power profiles. a, The composite drive cycle for an EV versus an AEV with 10% energy savings. b, Detail of the smoothed
drive cycle from minutes 10 to 13 showing the effect of smoothing on braking and acceleration. ¢, The corresponding power profiles for a Tesla Model 3 EV
and AEV, assuming a 1,000 W computing load, 150 W sensor load, 25% increase in drag from LiDAR and 10% energy savings from smoother driving.

d, Detail of the power profile from minutes 10 to 13.

of 150 W represents a system with two Velodyne 64 LiDAR domes
of 60 W each'’, along with two Bosch MRRs (9 W)*® with six Point
Grey Dragonfly cameras (9W)’ and expanded communications
and connectivity (12 W). We were unable to find reliable estimates
of the power draw of communication systems, perhaps due to
the nascent nature of the technology. We assume a power draw
of 1.5W for our low estimate and 12W for our high estimate.
Modern smartphones consume less than 1 W of power for stream-
ing, connectivity, communication and other functions''. Many EVs
already have the Global Positioning System (GPS) and other con-
nectivity installed; so it is not clear that the communications load
will be additional to existing loads. The Institute of Electrical and
Electronics Engineers (IEEE) standard for dedicated short-range
communication (DSRC) limits the equivalent isotropically radiated
power to less than 2W (ref. '?), which precludes a large power draw
for the transmitter.

Estimates of computing load for automated driving in the litera-
ture show power requirements from a few hundred watts" to several
thousand watts'*'*. The Nvidia Pegasus system has been advertised
as capable of level 5 autonomous driving and has a power load of
500 W (ref. '°), while the recently released Tesla Full Self Driving
(FSD) claims to require only 150 W (ref. ). We therefore bound
our estimates between 150 W to 1,000 W with the upper bound rep-
resenting the higher estimates from the literature. Higher values of
computing load are possible given that the technology is nascent,
regulators might require redundant systems and cooling require-
ments for computing may have been underestimated. On the other
hand, over the long term, improvements in chip design and com-
puting efficiency should see power loads fall substantially. We also
assume a linear relationship between the computing and sensor
loads between their respective bounds as increased data flow from
the sensors to the computing platform will require a concomitant
increase in computing capacity and therefore power draw.

We are aware of no publicly available, empirical estimates of
the effect of roof-based LiDAR on the vehicle drag coefficient'; so
we approximate this effect by using data from wind tunnel tests of

the drag impacts of roof add-ons such as police sirens, signs and
racks'®"””. We therefore estimate a lower bound value of 15% increase
in drag (which corresponds to the drag increase from a taxi sign)
to an upper bound of 40% (which would impose the same aerody-
namic penalty as a barrel). In the case of solid-state LIDAR or AV's
operating with cameras only, there would be no increase in drag.
We therefore consider a second separate case: if there is no LiDAR,
or a solid-state LiDAR system, we model no increase in drag. In the
longer term, it is also likely that developers will incorporate LIiDAR
into the vehicle in a way that does not result in additional drag, as
consumers may not want to purchase vehicles that have prominent
external sensors, as is the case with the AVs being tested today.
Finally, to simulate AEV drive cycles that are smoother than
human drivers, and the associated energy savings, we apply a
smoothing spline function similar to that of Liu et al. (ref. *°) to the
composite and city drive profiles. The smoothing function can be
adjusted to yield different levels of energy savings. We bound this
between 5% to 25%, in line with values from the literature that have
estimated the energy savings from the smoother driving of AVs
(refs. »*'-%). Details of the smoothing spline function are provided
in the Methods. Our method of smoothing makes no assump-
tions about the vehicle drive-train. We smooth the velocity profile
and calculate the energy savings from first principles, using our
physics-based model. Figure 1 shows the original versus smoothed
velocity profile for the composite drive cycle for an illustrative case
of 10% energy savings from smoother driving, along with the cor-
responding power profiles for a particular configuration of auto-
mation. The effect of smoothing for both drive cycles for different
levels of energy savings is shown in Supplementary Figs. 2-4. We
also find possible trade-offs between the energy savings from
smoother driving and safety, particularly at higher levels of energy
savings wherein the vehicle may be at rest in the original profile but
has a non-zero velocity in the smoothed profile. However, we find
almost no change in our estimates of AEV range when we constrain
our smoothed drive cycles so that the velocity is zero at all instances
where the velocity in the original profile is zero. For a detailed
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Fig. 2 | Histogram of range results for composite and city drive profiles
for a Tesla Model 3 with an 80 kW h battery pack. a, Results of simulating
the vehicle range of an automated Model 3 given the composite driving
profile and input parameters for automation with and without LiDAR. The
median loss in range is 9% with LiDAR and 4% without. In 90% of our MC
simulations, the range impact is between —16% and —1% with LiDAR and
between -11% and 5% without LiDAR. This is compared to the Tesla Model
3 EV-only range. b, Results of simulating the vehicle range of an automated
Model 3 given the city driving profile and input parameters, for automation
with and without LiDAR. The median loss in range is 14% with LiDAR and
1% without. In 90% of our MC simulations, the range impact is between
—22% and —4% with LiDAR and between -19% and 0% without LiDAR.
This is compared to the Tesla Model 3 EV-only range for city driving.

discussion of this, see Supplementary Notes 1 and 2, Supplementary
Figs. 5-8 and Supplementary Table 1.

Effect of automation on EV range
We use vehicle design parameters based on a Tesla Model 3 with
310 miles of range and an 80 kW h battery pack as our base EV (ref.
). We use a combination of scenario analysis and Monte Carlo
(MC) simulations to understand how the deep uncertainty in our
input parameters affects our estimates of reduction in range. We
consider two broad deployment scenarios for automation: with or
without LIDAR. We treat these scenarios separately for two reasons.
One, there is considerable disagreement among the manufactur-
ers as to whether LiDAR is essential®®, with developers deploying
both LiDAR-based and LiDAR-free technologies. Two, LIDAR can
impose a considerable energy and aerodynamic penalty; eliminat-
ing it would have a large effect on energy use. Within each scenario,
we use MC analysis, since there are too many plausible combina-
tions of other parameters to reasonably justify one scenario over
another in the current early stages of AV development. MC simula-
tions allow us to explore the entire parameter space®.

We find that adding automation with LiDAR would result
in reduced range or require a larger battery in more than 95% of
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simulations (Fig. 2a). This indicates that while there is uncertainty
around technology choices and the power loads of automation-
enabling equipment, LiDAR-based solutions that have a drag pen-
alty will almost certainly reduce range compared to human-driven
EVs. Even if we assume no power consumption from LiDAR and
no change in drag, energy use increases in 76% of simulations for
the composite drive profile, relative to a human-driven EV. We find
that even with the computing load and sensor load each at their
lower bounds and no increase in drag, AEVs will need energy sav-
ings from smoother driving of at least 4-5% over a human driver to
have the same range as EVs. If savings from smoother driving are
higher, this will lead to an increase in EV range. In 90% of our MC
simulations for the composite drive cycle, the reduction in range is
between 1% and 16% for an automated Tesla Model 3 with LIDAR
compared to an EV with the same battery. The median estimate
is a 9% loss in range. Next, we apply the same analysis to estimate
the range impacts for other EV models, such as the Tesla Model S,
Nissan Leaf, Chevy Bolt and Xpeng G3. The results for the com-
posite drive cycle for all EV models considered are summarized
in Fig. 3a.

In 90% of our MC simulations, the range penalty for the city
drive cycle is between 4% and 22% for a Model 3 AEV with LiDAR
(Fig. 2b). The median estimate is a 14% loss in range. Results for
different EV models are shown in Fig. 3b.

Table 1 shows the energy demand and range impacts for the dif-
ferent autonomous configurations considered. We see that the drag
impacts of spinning LiDAR are more keenly felt at higher speeds on
the highway. Keeping all other autonomy parameters fixed, the drag
increase from having roof-based spinning LiDAR results in an addi-
tional 5% range penalty for the composite profile compared to 3%
for the city profile. Our results therefore show that developers may
need to consider automated solutions that either eliminate LIDAR
or reduce its drag impact. Solid-state LIDAR could reduce drag but
would impose an additional computing load. However, this addi-
tional computing load is unlikely to be as important as the impact
of additional drag, as even an increase of 100 W in the computing
load will only decrease the range by 1% (see Supplementary Note
3 and Supplementary Fig. 9). The higher range penalty in the city
cycle (Fig. 3b) compared to the composite profile (Fig. 3a) across
all the EVs we analysed is due to the greater effect of computing
loads (which we assume applies at each second) on range as a result
of longer trip times in the city for the same distance travelled. As
such, we see in Table 1 that moving to a more efficient compute
stack provides a greater benefit in the city than for suburban driv-
ing. Developers who wish to deploy robo-taxis in urban environ-
ments therefore have strong incentives to bring down computing
power needs in order to maximize vehicle utilization. This could
be achieved over time as standardized algorithms are built into effi-
cient specialized circuits or if developers design dedicated chips for
neural network computation.

Negligible impact of automation on battery longevity

A decrease in range could lead to more frequent charging or longer
charging times, which leads to faster battery degradation. We use the
approach developed by Sripad and Viswanathan® to model the lon-
gevity of the battery for each type of vehicle, that is, to estimate the
number of total miles for which the vehicle can be driven until the
battery is unable to charge to more than 80% of its original capac-
ity. To realistically assess battery degradation, we model a series of
24h periods, in each of which the vehicle drives for 50 miles for the
composite profile (or 30 miles for the city profile), charges until the
battery is full and then rests until it is driven again the following day.
For the case of the composite profile and the base AEV with LiDAR,
the loss in battery longevity for the median reduction in range is
5% or 5,500 miles, and the fifth percentile case with a range reduc-
tion of 16% would result in a loss of 9% or 10,000 miles, as shown
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Fig. 3 | Results of the MC simulation of AEV range for different EV
models. The y axis shows the percentage change in range for the AEV
compared to the base EV, (Range,., - Range,)/Rangeg,. The horizontal red
line is the median change in range, and the red data points are the data that
are beyond the whisker where the maximum whisker length is 1.5 times the
interquartile range. The x axis lists the five EVs considered in the analysis.
a, Box plot showing the range impact for the composite drive profile and

for automated solutions with and without LiDAR. b, Box plot showing the
range impacts for the city drive profile and for automated solutions with
and without LiDAR.

in Fig. 4a. Given that the longevity of state-of-the-art batteries is
constantly improving, this effect is likely to be more negligible in
the future”’. The battery degradation simulations were performed
using a battery-pack model where the cells are simulated using a
pseudo two-dimensional electrochemical model* that contains a
degradation sub-model**’. The details of the degradation model
are discussed in the Methods.

The 95th percentile AEV shows a small (1%) increase in battery
longevity compared to the EV due to the effect of smoother driv-
ing, which lowers the discharge rate of the battery as well as the
recharging rate through regenerative braking. Moreover, due to the
higher energy supplied by regenerative braking segments for the EV,
during each daily round trip, the average state of charge of the bat-
tery pack for the EV is about 0.6% higher than that of the 95th

Drive cycle Technology Range W hmile™
impact
Composite 150 W compute + no LiDAR 6% 244
500 W compute + no LiDAR 0% 259
500 W compute + LiDAR -5% 272
City 150 W compute + no LiDAR 5% 195
500 W compute + no LiDAR —4% 214
500 W compute + LiDAR —7% 221

All scenarios assume 10% energy savings from smoother driving and a sensor load of 30 W.
Increase in drag from LiDAR is fixed at 25%.

percentile AEV. Since a higher state of charge increases the rate of
battery degradation”, the EV battery degrades faster than the 95th
percentile AEV, since this state-of-charge effect outweighs the very
small increase in the duration of charging time from the 1% loss in
range compared to the EV. Battery degradation results for the case
without LiDAR are shown in Fig. 4b. Battery degradation results for
the base AEV with and without LiDAR using the city velocity profile
and a daily drive schedule of 30 miles are shown in Supplementary
Fig. 10.

Conclusions

While there is considerable uncertainty with respect to the technol-
ogies that will enable fully automated driving, our model provides
a way to grapple with this uncertainty and derive useful insights
about the vehicle-level energy use of AVs. We find that high-level
automation will likely reduce EV range by about 5-10% in the
case of the suburban drive profile. Given that the specific energy
of lithium-ion batteries is increasing at roughly 5% each year with-
out a corresponding increase in cost or a step change in technology,
automation will have the same effect on range as a 1-2yr time lag
on improvements in battery-specific energy. Will consumers value
full automation more than the modest loss in range we estimate?
Future work must assess the benefits of automation (for example,
using travel time productively, increased safety) against its cost (for
example, loss in range, increased capital cost, public perceptions of
safety)’’. Our study provides a basis for more realistic assessments
of consumer preferences, since we estimate the change in EV range
associated with automation. In conclusion, to minimize the effect
of automation on EV range, developers should focus on bringing
down power requirements for computing and on incorporating sen-
sors in aerodynamic designs.

Methods

Physics-based model. The total force experienced by a vehicle can be written
as follows:

Fiotal = Fdrag + Friction + Finertia + Fgradient (1)

We ignore the gradient term and focus on the inertial, friction and drag forces®.
The power at any time  can be written as follows:

P(t) 4rag= <% X px Cgx Ax v(t)2> x v(t) (2)
P(8)giction= (fry x mass x g) x v(1) 3)
P0) = (massx 5 ) () (@

where v(t) is the velocity at time ¢ from the drive cycle data, dv/dt is the
acceleration, p is the density of air, C, is the drag coefficient of the vehicle, A is the
frontal surface area, mass is the weight of the vehicle including the battery pack,
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Fig. 4 | Battery degradation results for our base EV and AEV for the composite drive cycle. The simulations were performed for a daily drive schedule

of 50 miles. A state of health or a remaining useful capacity of about 80% is considered the end of life of the battery pack. A series of 24 h power profiles
that include 50 miles of daily driving was used as an input to the battery-pack model. a, The base AEV with LiDAR. The median loss in battery longevity
with LiDAR is 5,500 miles or under four months of driving. The fifth percentile case with LiDAR leads to a loss of 10,000 miles or over half a year of
driving. b, The base AEV without LiDAR. The median AEV without LiDAR lasts for approximately 110,000 miles, and the fifth percentile AEV lasts for
approximately 105,000 miles. The median loss in battery longevity compared to the EV is 1,300 miles or a month of driving. The fifth percentile case leads

to a loss of 6,000 miles or four months of driving compared to the EV.

gis the acceleration due to gravity and 1, is the coefficient of friction (rolling
resistance). Therefore the total power is given as follows:

P(t)drag+P(t)friction+P(t)inertia n P(t) + P(t)sensor (5)
X1 m m

compute

P(t) ora=

where 7, and 7, are the drive-train and battery efficiencies, respectively; P,
is the computing load of the platform, and P,,,,
communications on the vehicle.

The power requirements can be integrated over the duration of a trip to
estimate the total energy needed for the trip, given a velocity profile. This energy
requirement can be compared with the energy capacity of the battery pack, and
accordingly, the duration of the drive, f, that is possible for a given battery-pack
size can be calculated. This time ¢ can then be used along with the velocity profile
to calculate the range of the vehicle by integrating velocity with respect to time.

We first perform these calculations for a human-driven EV, where the mass
would be just the mass of the vehicle plus the battery pack and where C, would be
simply the drag coefficient of the EV; velocity would be not smoothed, and P,
and P,,,,,,, would both be zero. This gives us the range of the EV.

In the case of the human-driven Tesla Model 3, our model predicts the range
to be 309 miles for the city-highway drive profile, compared to the Environmental
Protection Agency (EPA)-rated range of 310 miles. For the city drive profile, the
model predicts the human-driven Tesla Model 3 range to be 393 miles, compared
to the EPA-rated range of 391 miles. The ranges that our model predicts for
other EVs are similarly close to their EPA-rated ranges. This suggests that it is
appropriate for us to compare our estimates of AEV range to the EPA’s estimates
of EV range to estimate the reduction in range associated with the introduction of
automation.

To model the AEV, we then ‘turn on’ the automation for the vehicle, by doing
the following: adding the weight of the different components to the mass of
the vehicle and battery pack, increasing the drag coefficient due to LiDAR (for
automated solutions with spinning roof-based LiDAR; otherwise the increase in
drag is zero), applying a different velocity profile due to smoothing (see below)
and applying the computing and sensor loads at each second. This gives us a new
energy requirement and accordingly a new range. We can then compare the new
range to the old range to understand the energy impacts of automation on an
electric vehicle’s range. We also run this simulation for both drive profiles: a city—
highway mix, and a city-only profile.

ompute
is the load of all the sensors and

ompute

Velocity smoothing. Smoothing of the velocity profiles is accomplished using
splines” to minimize the objective function:

{Z (i — g(x);)*+4 / (g//(X))zdx} (6)

i=1
where g(x); is the spline function, which yields the velocity of the vehicle at time

X, and A is the smoothing parameter. The first term is the mean square error (MSE),
with y, equal to the value of y, the velocity of the vehicle, at the ith data point in the
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original driving cycle, i=1, 2,..., n; and g(x;) is the predicted value of the velocity
of the vehicle in the smoothed cycle, after a period of time x; corresponding to the
time elapsed at the ith point in the original driving cycle. Minimizing the function
ensures that, with the smoothed drive cycle, the vehicle is at approximately the
same points at the same times as it was with the original drive cycle. The g”(x) is the
second derivative of g with respect to x (that is, the rate of change of acceleration
of the vehicle at the ith point in the drive cycle); A is a smoothing parameter that
determines the extent to which we are willing to trade off fidelity to the original
drive cycle (the first term) against the objective of reducing energy use (the second
term). Therefore, by parameterizing A, we vary the energy savings that result

from the AEV’s smoother drive cycle. The level of energy savings considered
reasonable is based on estimates from the literature, as outlined in the section on
‘AEV energy consumption’. We use the Fit function in MATLAB, which takes an
input parameter ‘SmoothingParam, to model the spline function. Drive profiles
corresponding to different levels of energy savings are shown in Supplementary
Figs. 2 and 4. Potential trade-offs between energy savings and safety are discussed
in Supplementary Note 2.

Vehicle characteristics. We use vehicle design parameters based on a Tesla
Model 3 with 310 miles of range and an 80 kW h battery pack as our base EV. The
battery-pack weight was estimated at 553 kg from the model from Sripad and
Viswanathan®. We used this battery-pack mass and capacity to estimate the range
of the AEV using the physics-based model described above. The drag coefficient
of the Model 3 is 0.23 and the frontal area is 2.22 m? (ref. **). The weight of the
car excluding the battery pack is 1,200 kg (refs. ***), and we additionally include
the weight of a passenger assumed to be 80kg. The additional weight of the
sensor and computing package is assumed to be 20kg in total. We assume a total
battery-to-wheels efficiency (including both the battery and drive-train efficiency)
of 0.855 and a coefficient of friction of 0.0071, which is also viewed as a fitting
parameter, while benchmarking the EPA range for the vehicle. The same process
was then repeated for other EV models.

Battery degradation modelling. The degradation processes are modelled within
the battery-packmodel’s”~"** degradation sub-model™, shown as follows:

. acspr X F
Jset = —Sx Fx kose1 X cioiace x exp {_ % x (¢, — ¢ — Ix Reim — USEI)]
7)
. . acpLx F
i = —Sxiosxexp| - (g, - ¢y~ Ix Ran) 0
de
diM = —kamrx I )

where jg, is the side reaction current for the solid-electrolyte interphase (SEI)
layer formation, j,, is the side reaction current for lithium plating and equation (9)
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captures rate of active material isolation (AMI) based on the rate of change of active
material porosity (eam ). The total current is given by I, F is Faraday’s constant

and § is the surface area of the electrode particle. The other constants from the
degradation sub-model are the rate constants (k,g; =1x10"2ms™" (ref. **) and
kaii=2%10"*ms™) and the exchange current density (i,p =0.001 Am2)>.

The a symbols are the cathodic transfer coefficients, and %2 is the concentration
of the solvent on the surface of the anode. The ¢ symbols are the potentials

of the solid electrode (¢,) and liquid electrolyte (¢)). Ry, is the resistance of the
SEI layer. Ug, is the equilibrium potential at which the SEI layer forms. The cells
are assumed to have an Ni 5 Co, Al s cathode and a graphite anode. Ambient
temperature is set at 298 K. We model a 24 h period that includes a drive of

50 miles for the composite profile, or 30 miles for the city profile, followed

by charging, and then the appropriate rest segment. We assumed 30 miles for
daily travel in the city profile on the basis of the American Driving Survey
(2013-14)*". The Federal Highway Administration’s highway statistics show a
ratio of approximately 0.7 for urban miles to urban and rural total miles driven™.
We therefore picked a round number of 50 miles for our city-highway profile.
Incidentally, varying the daily miles driven has no effect on our results—for
instance, we ran a case for a daily drive schedule of 100 miles for the composite
profile, and the difference in battery longevity between the EV and AEV was
similar to that of the 50 mile case. The simulations were performed using
AutoLion-ST v6.3, Build 2.

We derive the power profiles for the drive from running the physics-based
model described above. Due to regenerative braking, the battery charges when
the vehicle brakes. The rate at which this charging occurs is masked by the fact
that the battery is also discharging at these moments, in order to provide power
for computing and the sensors. We account for both the charging and discharging
phenomena in the following way: we transfer the computing and sensor loads for
the seconds where the vehicle is braking to the nearest second where the vehicle is
stationary, travelling at constant speed or accelerating. This allows us to account
for the full effect of battery degradation that occurs due to regenerative braking.
While this artificially increases the computing and sensor loads and therefore
the discharge rate of the battery during braking-adjacent moments in the drive
cycle, the effect of this on battery longevity is negligible given the low computing
and sensor loads compared to the power requirements for vehicle acceleration,
and given that the rate of charging is likely to have a greater effect on battery
longevity than small variations in the rate of discharge. The degradation model is
implemented within a full-pack battery electrochemical-thermal model, which
is described elsewhere?***. Note that the adjustment described above is made
only to model battery degradation. We model vehicle range without making these
modifications to the power profile.

Data availability
All underlying data are publicly available at https://github.com/battmodels/
Automation-EV-Range. Source data are provided with this paper.

Code availability

The custom code for the MC simulation of the physics-based model presented

in the paper is publicly available on GitHub at https://github.com/battmodels/
Automation-EV-Range.

To allow readers to engage with our research, we have created a web applet
(available at https://tinyurl.com/avrange) that allows users to select different
combinations of radar, computing and LiDAR load, cameras, energy savings and
EVs, to assess the effect of different assumptions about automation on vehicle
range. The input files for the battery degradation simulations on AutoLion-ST v6.3,
Build 2 will be provided on request. Source data are provided with this paper.
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Impact of automation on long haul trucking
operator-hours in the United States
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Automated long haul trucking is being developed for commercial deployment in the United
States. One possible mode of deployment for this technology is a “transfer-hub” model where
the operationally less complex highway driving is automated, while human drivers drive the
more complex urban segment of the route. We study the possible net impacts on tractor-
trailer operator-hours from this mode of deployment. Using data from the 2017 Commodity
Flow Survey, we gather information on trucking shipments and the operator-hours required to
fulfill those shipments. We find that up to 94% of long haul trucking operator-hours may be
impacted as the technology improves to operate in all weather conditions. If the technology is
however restricted to the southern states where the majority of companies are currently
testing automated trucking, we find that only 10% of operator-hours are impacted. We
conduct interviews with industry stakeholders including tractor-trailer operators on the
feasibility of such a system of deployment. We find that an increase in short haul operation is
unlikely to compensate for the loss in long haul operator-hours, despite public claims to this
effect by the developers of the technology. Policymakers should consider the impact of
different scenarios of deployment on the long haul trucking workforce.
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Introduction

utomated driving technology is currently being tested on

public roads in the United States in both the light vehicle

and heavy duty segments. Given the likely reduced
operational complexity involved in highway driving, several
companies are currently working on developing automation for
long haul trucking, which is designed to work as per a “transfer-
hub” model (Hickman et al., 2018; Transport Topics, 2018). This
would involve an automated truck (AT) completing the highway
leg of the route and human drivers undertaking the more com-
plex suburban-urban segments at both the starting and end
points of the journey. Truck ports near highways would be used
to switch out the trailer from the prime mover and enable this
switch at both ends. For a schematic of the possible transfer-hub
model see Fig. 1.

The promise of ATs has led to widespread concern about job
losses in long haul trucking, which is a common profession in the
United States, particularly for men with high-school educations
(Wertheim, 2020). On the other hand, it has also been noted,
often by the companies developing this technology, that long haul
trucking currently faces a labor shortage and automation will
create new short haul jobs, which will more than make up for the
long haul jobs lost. As a result of these conflicting claims, as well
as the uncertainty over the technology itself and its limitations,
there is little clarity on how automated trucking will be deployed
and its economic and political ramifications, such as the impact
on the long haul trucking labor market.

We use data from the Commodity Flow Survey (CES) 2017
(United States Census Bureau, 2020), which is a dataset jointly
produced by the U.S. Census Bureau, U.S. Bureau of Transpor-
tation Statistics, and the U.S. Department of Commerce. CFS
produces a sample of shipments in the United States including
data on the type, origin and destination, value, weight, modes of
transportation, and distance shipped. We estimate the operator-
hours required for different routes using origin and destination
information for trucking shipments from the CFS dataset, which
enables us to estimate highway and (sub)urban splits for each
shipment. We consider the technological constraints of auto-
mated trucking to make more refined estimates of the possible
near term impacts of automation on long haul trucking operator-
hours in the United States by assessing different scenarios of
deployment. We find that contrary to strong claims by companies
developing this technology (Gilroy, 2019), the loss in long haul
operator-hours is unlikely to be compensated for by an increase
in demand for short haul drivers. We find large labor impacts
from the deployment of the transfer-hub model, contingent on
the pace of progress of automation technology’s ability to func-
tion in different operating conditions. We compare the

capabilities of automation with the tasks truck drivers are
required to perform through discussions with industry stake-
holders, including long haul operators. This allows us to have a
realistic assessment of the tasks the technology will be required to
perform over the highway legs and explore the feasibility of such
deployment scenarios. In this framework, where jobs are con-
sidered as a bundle of tasks, our work builds on an extensive
literature in the social sciences (Acemoglu and Autor, 2011;
Acemoglu and Restrepo, 2019; Arntz et al., 2016). Through our
limited sample of interviews, we discover reluctance to shift to
new modes of operation such as short haul driving that will result
from any application of the transfer-hub mode of deployment.
The rest of the paper is structured as follows. Section “Literature
review” reviews the existing literature on job impacts of AT.
Section “Methods” describes our methods for both the analysis of
operator-hour impacts and semi-structured interviews. Section
“Results” presents the results and section “Conclusion and policy
implications” concludes.

Literature review

Given the relatively recent advances in automated driving
technology, there are a limited number of studies that have
been conducted on the job impacts of automation on truck
driver jobs. Viscelli (2018) has analyzed the impact of auto-
mation based on a similar “transfer-hub” operational model
assumption shown in Fig. 1, where highway driving is auto-
mated while human drivers perform the urban segments of the
route. Using revenue data from major trucking carriers and
estimates of average per driver revenue, Viscelli (2018) esti-
mates nearly 300,000 long haul jobs to be at risk. As per the
analysis, these at-risk jobs are primarily concentrated in dry
van and refrigerated trucking, which are characterized by high
turnover and low wages (Viscelli, 2018).

Similarly, Gittleman and Monaco (2020) have undertaken a
study analyzing the potential job losses from automation. They
also find that contrary to several estimates in the media, the upper
bound on job losses from automation are likely to be 400,000
jobs, far less than popular estimates of 1-2 million jobs at risk.
Gittleman and Monaco (2020) perform this analysis using 2002
Vehicle Inventory and Use Survey (VIUS) data to gather esti-
mates of the operational use of heavy trucks. They then apportion
the number of long haul truck drivers using Occupational
Employment Statistics data from the Bureau of Labor Statistics.
Their study also notes that only a specific aspect of trucking—
long haul highway driving—is ripe for automation and that
operators who perform other tasks or are involved in customer

Truck Port A Truck Port B
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Fig. 1 Schematic showing the possible operation of a transfer-hub model where a human driven truck drives the load from the origin to the first truck
port where the load is switched to an automated prime mover shown in black. This completes the highway leg of the journey to another truck port where

a human driven truck takes the load from the port to the final destination.
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facing roles such as in package delivery services are unlikely to
face job losses (Gittleman and Monaco, 2020).

Groshen et al. (2019) consider different scenarios of adoption
of automation and analyze the job impacts in different sectors of
the economy using simulations and consultations with industry
experts. They estimate 60-65% of heavy truck and tractor-trailer
truck driving jobs to be eliminated with full implementation of
automation (Groshen et al., 2019).

Waschik et al. (2021) leverage a dynamic model of the U.S.
economy to simulate the macroeconomic impacts of automated
trucking in the economy. They consider three different speeds of
adoption: slow, medium and fast and find that employment in
for-hire trucking falls by 20-25 percent and in private trucking by
4-5 percent across the scenarios considered (Waschik et al,
2021). Broader benefits in terms of productivity and employment
in the economy are found to outweigh the employment impacts
on long haul operators and the study assumes that long haul
operators will switch to short haul jobs, minimizing the overall
effect on the workforce (Waschik et al., 2021).

Finally, future of work studies around the deployment of
automated vehicles have also delved into the issue of job losses in
trucking from automation. For instance, Leonard et al. (2020)
suggest that automation will create new roles such as remote
management of trucks, dispatching, and field support while dis-
rupting day driving jobs. However, they do not estimate the
number or share of jobs at risk.

We found no examples in the literature of analyses that used
trucking routes and shipment data or examined the specific
capabilities of the technology (e.g., only operating in favorable
weather conditions) to estimate the labor impacts of automated
trucking. We also found no studies that undertook interviews
with stakeholders including long haul operators to understand
their perspectives on the tasks required over the highway legs.

Outside of the specific case of automated trucking, we also find
a broad literature in economics on the impacts of automation on
employment. Frey and Osborne (2013) model the probability of
computerization for different occupations and find that workers
in transportation and logistics are among those at high risk of
automation, partly due to their low wages and low levels of
educational qualifications. However, their methods, including
considering that entire occupations rather than single tasks within
jobs can be automated have faced criticism. Arntz et al. (2016)
have shown that jobs are a bundle of tasks and while tasks may be
easy to automate, jobs are often not. As such, forecasts of a large
number of job-losses from automation, such as the study by Frey
and Osborne (2013) can overestimate the impact of automation.
One of the questions that therefore emerges here is the compo-
sition of tasks involved in long haul trucking. We attempt to
unpack this through our semi-structured interviews with truck
operators.

Borland and Coelli (2017) study the impact of automation on
employment in Australia and find that total work available did
not decrease following the introduction of computerization and
that job turnover in the labor market has also not increased due
to computer-based technologies. Mokyr et al. (2015) have ana-
lyzed the history of automation and job losses, explaining how
there has always been anxiety on how technological progress will
cause substitution of machines for human workers, leading to
unemployment. However, such scenarios do not come to pass
because the long-run effects of technology are beneficial in terms
of net job-creation (Autor, 2015) and technology only impacts the
type of jobs available and what they might pay. Technology can
also complement labor resulting in increased productivity, earn-
ings, and demand for labor (Autor, 2015; Bessen, 2019).

Nevertheless, perceptions of large job losses from automation
are present in the social and political discourse. In terms of the

perception of automation in trucking, Dodel and Mesch (2020)
have shown how workers in occupations involving a greater
number of manual or physical tasks, such as in the case of long
haul trucking, can have more negative perceptions regarding the
impact of automation on their livelihood. Orii et al. (2021) ana-
lyzed discussions related to automation among the members of
the r/Truckers subreddit and found that <1% of comments had
positive views on automation.

Methods

We contribute to the literature in the field by drawing on the CFS
data (United States Census Bureau, 2020) to get a reliable esti-
mate of the density of long haul trucking in different regions and
the operator-hours required for different routes. Our primary
analysis is centered in the use of freight data along with routing
and operator-hour algorithms to estimate the share of operator-
hours that may be lost to automation. We complement this
quantitative analysis with a limited number of interviews with
long haul trucking stakeholders to understand the feasibility of a
transfer-hub mode of deployment. Overall, our mixture of
quantitative and qualitative methods is based on the triangulation
method (Jick, 1979), useful for analyzing socio-technical transi-
tions and emerging technologies. We further elaborate on our
methods below.

Data. The Commodity Flow Survey is a well known dataset for
transportation planning and research, produced every five years
by the U.S. Bureau of Transportation Statistics, U.S. Census
Bureau, and the U.S. Department of Commerce. The latest
iteration, CFS 2017, is a sample of 5.9 million shipments from
approximately 60,000 responding establishments (United States
Census Bureau, 2020). We disregard inter-modal shipments and
focus on shipments delivered through for-hire trucks and private
trucks. We only consider shipments routed over >150 miles as
those are commonly classified as long haul (FMCSA, 2020;
Viscelli, 2018). This subset contains nearly 1.5 million trucking
shipments detailing origin and destination states, shipment dis-
tance, weight, and financial quarter. The data also contain a
weighting factor, which can be used to estimate the total number
of shipments of that type in the population.

Routing. We draw on the Google Maps API and the GGMAP
package (Kahle and Wickham, 2013) in R to estimate highway
and (sub)urban splits for each shipment. For the purposes of
routing we categorize two types of shipments in the dataset:
intrastate and inter-state. Intrastate shipments are those where
the shipment does not cross state borders. Inter-state shipments
are those where the state of origin is different to the state of
destination.

We apply a differentiated methodology to calculate the
highway and (sub)urban splits for each shipment depending on
whether the shipment is within a state or across it and depending
on whether the shipment has listed origin and destination
Metropolitan Statistical Areas (MSAs). MSAs are listed for many
but not all shipments in the dataset. If MSAs are not provided, we
use the closest approximation of origin or destination location.

The different types of shipments and the methods used to
calculate the highway and (sub)urban splits and highway and
urban average speeds are shown in Table 1.

For inter-state shipments we proceed as follows. Where
possible we use the origin and destination MSAs from the CFS
dataset in Google Maps and estimate the highway and urban
distance ratios (details provided in the next subsection) for those
routes, which we then apply to the actual shipment distance from
the dataset. To do this, we assume that the precise origin or
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Table 1 Truck routing calculation methods.

CFS Ton-

Highway, urban average
speeds calculation

Highway/urban ratio calculation

Case

Shipment type

miles share

34%

Google Maps

Origin MSA area to destination MSA

area in Google Maps

Both origin & destination have

MSA specified

Inter-state

Google Maps 42%

MSA area to Rest of State centroid in

google maps

One of origin/destination has no

MSA specified

Google Maps 15%

Rest of State centroid to Rest of State

centroid in Google Maps

Both origin & destination have

no MSA specified

Google Maps 3%

Origin MSA area to destination MSA

area in Google Maps

FAF (2012)

Both origin & destination have

MSA specified

Intrastate

4%

Fixed to 55,25 mph

One of origin/destination has no

MSA specified

2%

Fixed to 55,25 mph

FAF (2012)

Both origin & destination have

no MSA specified

destination is the centroid of the MSA. For shipments that specify
either the origin or destination MSA (but not both), or specify
neither origin nor destination metropolitan areas, we use the rest
of the state centroid, which is defined as the centroid of all other
areas of the state that are not listed MSAs. Note that this is an
approximation that affects the estimate of the highway and
sub(urban) split but does not affect the distance of the shipment,
which is provided in the CFS dataset.

For intrastate journeys we apply the same method for
shipments, which have specified origin and destination MSAs.
For those that do not, we apply the highway and sub(urban) split
derived from the Freight Analysis Framework dataset (Bureau of
Transportation Statistics, 2012) by splitting the roads into those
have average speeds below and above 50 mph.

Let the place of origin be designated as p,; and place of
destination be designated as py; where i is a shipment. Then,
consider a shipment from p,; to pg; where p,; and py; are set as
per the cases listed in Table 1. The Google Maps API where
applicable then provides us with detailed route directions, which
list the amount of time driven for any stretch of road before the
next turn and so on. This allows us to calculate speeds for each
section and then split the drive into segments, which are greater
than or equal to 50 mph (classified as highway) and below
50 mph (classified as urban or suburban). Note that the route
suggested by Google Maps may be different depending on the
time of day that the API request is sent. We therefore ran several
iterations of the routing algorithm at different times of day and
found no discernible difference to our results.

Let the highway segment of this journey be h; and the urban
sections u;. Let the origin-destination distance be d;. The highway
to total ratio r; is then defined as:

T = j )]

We then use these calculated ratios for each origin-destination
combination and apply them to the actual shipment distance
from the CFS dataset. This allows us to calculate the highway and
urban leg lengths Dsy; and Dsy; for the shipments in the
dataset.

Let the shipment distance be Dg;. Then,

Dgyy; = Dg; x 1; (2)
and then,
Dgy;=Dg;x(1—1) (3)

Operator-hours calculation. The final step involves the calcula-
tion of urban and highway operator-hours. We assume the urban
legs are equally split at the two ends of the journey with the
highway leg in between. We apply a constraint of 11 h of daily
driving as per hour of service (HOS) regulations (FMCSA, 2020)
and then calculate the operator-hours required for the highway
and urban legs of the journey. Using this information and the
aforementioned weighting factor we are then able to calculate the
total operator-hours as well as the share of highway and urban
operator-hours.

Let day, hours be the number of hours remaining that can be
driven on day 1 of the trip after completing the initial urban leg.
Let O be operator-hours described for both highway leg Oy and
urban leg Oy. Let highway and urban driving time be Ty and Ty,
respectively, which can be calculated from the average velocities
Vi and Vy for the respective segments also derived from the
Google Maps API where applicable. Then for shipment i:

DS Ui
T P ]
Ui VU,i (4)
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and similarly

DS.H,i

T, =
H.i VH‘j

(©)

Then, our algorithm to estimate the operator-hours is
described below. Note that [(x)] denotes the ceiling of x and x
%y denotes the remainder of x when divided by y.

Algorithm 1. i from 1:1

day,; = 11 — %

if day,; > Ty; then
Ou,;i = T,

else

if dayl,i < TH,i then

Opty = T+ | (P5724) [ 510
end if

if (P5572) %011+ T 511 then

OU,i - TU,i + 10
else
Oy, = Tu;
end if
end if

The algorithm can be explained as follows. If the highway driving
time is less than the number of driving hours remaining on day 1,
then the shipment is simply completed on the day and the
highway operator-hours are equal to the highway driving time.
However, if the highway driving time exceeds this then the driver
undertakes the journey over the following days with 10 h of rest
following 11 h of driving as mandated by law. The urban driving
time is simply the time taken to drive the urban leg if the second
and final urban segment can be completed staying within the
HOS requirements, else it is completed with a day of rest.

With the calculated urban and highway operator-hours for
each trip we can then estimate the total operator-hours across
both highways and urban areas using the trip weighting factor
provided by the CFS dataset. The weighting factor is the estimate
of the true number of trips of such type in the actual population
and is available for each shipment in the CFS dataset. Let the
weighting factor be II. Further let shipment weight be W. Then
for the total operator-hours Oty We have:

1
Orotar = (O + Oyy) * I, ul (6)
i=1 ’ ’ TL
where TL is truckload or the total weight that can be carried on
one fully loaded semi truck.
Then the urban and highway share of the total operator-hours,
US and HS, is simply:

I W,
HS — 2imy Oy * I %

)

OTotal

1 W
21 Oy * 10 % oyt
OTotal

Note that the highway share (HS), across both inter-state and
intrastate trucking, is the share of operator-hours at risk from
automated highway trucking. US represents the share of hours
that must still be driven by a human driver.

Notice that if the truckload is a constant, such as for, e.g., fully
loaded class 8 semi trucks, then it cancels in both the numerator
and denominator of equations (7) and (8) and is therefore
irrelevant to our results. More information on methods including
the limitations of our approach are provided in Supplemental
Information (SI) Section 1.

US = ®)

Interviews. In order to obtain some assurance about the
validity of the assumptions underlying the transfer-hub
model, we undertook semi-structured interviews with stake-
holders in the trucking industry using a purposeful sampling
methodology (Robinson, 2014), which was formulated
through authors’ prior work in the automated vehicle domain
(Mohan et al.,, 2020), as well as prior informal conversations
with companies and researchers in this area, which helped us
identify relevant questions and stakeholders. For our con-
versations with drivers in particular, we used snowball sam-
pling (Naderifar et al., 2017): we identified an initial set of
drivers who have a public profile (e.g., have podcasts or
YouTube Channels about trucking) and asked them to intro-
duce us to their colleagues. We stopped when we achieved data
saturation (Guest et al., 2006): that is, when conversations
with new drivers did not introduce us to new concepts or
phenomena (Hennink et al., 2017). We spoke with stake-
holders across automated trucking startups (2), truck drivers
(5), trucking logistics operators (1), and labor union repre-
sentatives (1). In terms of our selection of different inter-
viewees, we deliberately sought to elevate the voices of truck
drivers in our sample, relative to other actors such as auto-
mated trucking startup CEOs or logistics operators. This is
because of two reasons. Firstly, operators were best placed to
provide us with the operational challenges and opportunities
for the transfer-hub model of automation, given they are
currently in charge of the major task that automation may
replace (driving). Second, much of the narrative and coverage
around automated trucking in the popular media has focused
on the claims made by private operators, without much con-
sideration of whether long haul drivers themselves believe that
a switch to automation is feasible. Note that our sample size
was not designed to enable generalization to all the stake-
holders in long haul trucking. Our sample size and qualitative
method (semi-structured interviews) were instead selected
with an idiographic approach (Robinson, 2014), focused on
gathering detailed insights into the tasks truck drivers per-
formed on a journey. The interviews also highlight interesting
areas for future research. Most importantly, as part of the
triangulation method (Jick, 1979) we use to analyze automated
trucking, the interviews complement our quantitative analysis
of the CFS data and the routing and operator-hour algorithms
we present by providing a feasibility check on the deployment
modes assumed in this paper and which have been promoted
by technology companies. The full list of interviewees is
provided in Table 2.

Results

Our analysis finds that up to 94% of operator-hours for truck
drivers are impacted if the technology is deployed across the
continental U.S. in all conditions. However, if restricted to the
states where testing is currently taking place, only 10% of
operator-hours are impacted. The capabilities of the technology
and decisions around where and how AT should be deployed will
therefore determine the extent of impacts on the long haul
operator labor market. Below we first discuss the findings from
our exploration of possible scenarios of deployment, and their
associated impacts on operator-hours, if realized. We analyze the
extent of the possible increase in short haul jobs if AT delivers
cost and time savings in freight delivery and show that this is
unlikely to outweigh the hours lost to automation. Then, we
present the takeaways from our semi-structured interviews with
stakeholders in long haul trucking. Finally, we end with a brief
discussion on the labor impacts in sectors associated with long
haul trucking.
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Number Job Title Affiliation Date

1 Chief Technology Officer Automated Trucking Startup A 24th April 2019

2 Legislative Representative Teamsters 14th August 2019

3 Chief Operating Officer Automated Trucking Startup B 22nd November 2019

4 Senior Manager Large Trucking Logistics Firm 10th February 2020

5 Trucker JB Hunt 22nd September 2020
6 CDL Coordinator CCAC 22nd September 2020
7 Trucker Holland 15th October 2020

8 Trucker Holland 20th October 2020

9 Trucker Poly Trucking 21st October 2020

10 Trucker American Service Line 12th November 2020

Fig. 2 Highlighted southern sun-belt states where a transfer-hub model may first be deployed.

Scenarios. We consider different scenarios of deployment, which
correspond to constraints the technology may face in the near-
medium term. They are as follows:

Deployment in southern, sunny states only—To our
knowledge, significant AT testing currently takes place in
Florida, Texas, and Arizona. We hypothesize that initial
highway deployment will be restricted to states in the
southern sun-belt (see Fig. 2) to minimize risk of exposure
to snow or hail, which may be outside the limits of safe
operation of the technology and therefore only consider
routes between or within these states.

Deployment across all states over the financial quarters Q2
and Q3, which encompass the spring and summer months
from April 1 to September 30—The CFS dataset lists the
financial quarter of shipment allowing us to assess a
scenario where all journeys that would be performed in
more favorable weather are automated.

Deployment for journeys above 500 miles only—While AT
may be financially optimal at even short distances of
around 100 miles (see SI Section 2), the time required for
switching trailers and separating urban and highway legs

could mean that journeys, which currently cannot be
performed in a single day given HOS requirements will be
automated first. Long haul operators can comfortably cover
500 miles without stopping so we set this as the threshold.
e Widespread deployment—deployment of transfer-hub-based
AT across the United States and automation of all highway
driving. While this is likely to take several years, it can be
thought of as the most extreme scenario in terms of job losses.
Note that most studies in the literature (Gittleman and
Monaco, 2020; Viscelli, 2018) only consider this scenario .

Operator-hours. Figure 3 shows the impact on operator-hours
across the different scenarios considered, with each scenario
considered as additive (cumulative) to the previous scenario.

In scenario 4, with widespread deployment across the
continental United States, 94% of current operator-hours may
be automated. On the other hand, we find that deployment of
automation only in places where companies are currently testing
the technology, i.e., the southern states, limits the impact to just
10% of operator-hours (scenario 1). These estimates could
represent a potential trajectory, over time, for impacts on

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS| (2022)9:82 | https://doi.org/10.1057/s41599-022-01103-w



ARTICLE

| -10% ‘

-30 -43%

-33%

Operator-hours at Risk (%)

90 -

Sunny Southern All Q2 & Q3
States Only Shipments

All Shipments Widespread
>500 miles Deployment

Fig. 3 The impact on operator-hours as each deployment scenario
becomes feasible, cumulatively building on the previous deployment.
Starting with only a 10% impact on operator-hours, automation can
eventually put 94% of current long haul operator-hours at risk.

employment, if the technology improves over time. It is likely that
near term deployment, if any, will be in favorable weather
conditions and in states with favorable regulation, precisely those
states where testing is currently taking place. If this is then further
expanded to all parts of the country but only in the favorable
weather months, i.e., financial Quarter 2 and 3, then we find that
over half of operator-hours could be impacted. If automation is
then extended to all shipments over 500 miles, we find that a
further 33% of operator-hours are impacted. Other possible
deployment scenarios and their impacts are shown in Table S1.

Changes in demand and price elasticity of freight. Automation
is likely to dramatically reduce the need for labor, which constitutes
roughly 40% of the cost of trucking (Williams and Murray, 2020). It
is also likely to eliminate HOS requirements, which currently mean
that-unless two drivers work in tandem-a truck remains idle for
>60% of the time in order to allow the driver to rest (FMCSA, 2020).
As a consequence, automation will reduce the amortized capital cost
of the truck, which constitutes another 16% of the cost of trucking
(Williams and Murray, 2020). Finally, the elimination of HOS
requirements will make trucking faster than it is today, since the
trucks will no longer have to stop for driver breaks. Cost and
delivery time reductions in the delivery of freight through automated
trucking may result in increased demand for trucking shipments.
This may happen in two ways.

First, freight that was previously routed through air, train, or
inter-modal services may now be shifted to long haul trucking.
The modal choice of freight could therefore tilt in favor of
trucking. There is considerable variation in modal elasticity
estimates in the literature (De Jong et al., 2010). For example,
Abdelwahab (1998) has estimated an elasticity of —1.44 and -0.99
for truck modal choice given an increase in trucking shipment
time and cost, respectively. More recently, Christidis et al. (2009)
reviewed a number of studies and found cross-elasticities of rail
and road that range from 0.3 to 2. Dahl (2012) has found limited
elasticity for trucking demand to fuel costs.

Second, cost and time reductions in freight delivered through
trucking may increase demand for freight services in the economy
overall. This increase in demand will increase the overall
operator-hours required to fulfill long haul trucking shipments.

While elasticities vary widely in the literature for these factors
as described above, we find that any resultant increase in demand
for freight from some or all of these factors is likely to have a
small impact on operator-hours. Further, this increase is unlikely
to offset the overall operator-hours at risk due to automation.

For example, even a 50% increase in demand for trucking
services, which translates to an overall elasticity of 5, will only
offset 5% of the at-risk hours due to automation, dropping the
overall share from 94% to 89% of operator-hours at risk. This is
simply because even though such an increase will lead to great
demand for trucking services, the large majority of all operator-
hours will still be needed on the highway (Fig. 3).

A large increase in demand of the magnitude of 50% or more
for trucking services is in fact unlikely. Trucking already
dominates the freight market with 70% of tonnage in the United
States shipped through trucks (Association, 2020a). Freight that is
today delivered through competing modes such as rail is often
because of reasons other than cost or shipment time, for example,
gross weight requirements, or because a close coupling between
the location of the rail tracks and siting of various industrial
facilities. Overall, we find limited evidence in support of the claim
that increases in demand for trucking due to the economic and
productivity gains from automation will create short haul jobs that
will offset the highway operator-hours lost due to automation.

Jobs. What do these impacts on operator-hours imply for jobs? It
is important to note that we do not directly characterize job losses
from automation in trucking, focusing instead on the share of
operator-hours that will be impacted. This is because data for the
number of long haul truck drivers in the United States is not
available to a high level of accuracy, owing to the large number of
owner operators. Estimates have a wide range, from a few hun-
dred thousand to millions of jobs. Studies that attempt to put a
number on the total jobs lost therefore run the risk of a large
error and are often not comparable due to the differing
assumptions about the baseline number of jobs.

Nevertheless, translating the share of operator-hours impacted
to different estimates of the number of long haul trucking
operators in the United States can provide some insight. Previous
analyses has estimated the number of long haul operators to be
between 300,000-400,000 (Gittleman and Monaco, 2020; Viscelli,
2018). Waschik et al. (2021) estimate that there are roughly
550,000 long haul operators, in their modeling of the macro-
economic impacts of automated trucking. Our results on the
share of operator-hours at risk from automation would therefore
mean that anywhere from 30,000 to >500,000 jobs may be
impacted, depending on the scenarios presented above.

Impacts on workers in associated sectors. Finally, automation of
highway trucking will have impacts on more than just tractor-
trailer operators. While outside the focus of this paper, we offer a
brief discussion here. First, automation of highway trucking could
obviate the need for truck stops on the highway or at least make
them far less frequented than before. Employment associated with
operating truck stops will therefore be impacted. These truck
stops currently employ about 70,000 people (See SI Table S2). On
the other hand, the creation of truck ports to facilitate the
transfer-hub model of AT will likely create new jobs. These will
possibly involve new tasks such as switching trailers between the
human and automated prime movers, offering services to human
operators that were previously offered at truck stops, and main-
tenance and safety checks of sensors and other equipment on
board automated trucks before their deployment on a route. To a
first approximation, our analysis indicates that it is possible that
the labor-hours lost at truck stops and other locations on high-
ways could be compensated by new employment opportunities at
transfer-hub ports (see SI Section 4 for more details). However, it
is unclear whether operators in existing jobs at truck stops will be
interested in or qualified for the new jobs that may arise from
deployment of AT.
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Discussion with Stakeholders. Scholars note that typically, only
some of the tasks that constitute a job, are amenable to auto-
mation (Arntz et al., 2016; Autor, 2015). As such, tasks are easy to
automate; jobs are often not. Existing literature has noted how
truck driving jobs have increasingly been reduced to solely the
task of driving (Viscelli, 2016, 2018). While this supports auto-
mation, one of the major challenges we envisaged to AT
deployment on highways is maintenance and repairs. However,
upon speaking with actors in the trucking industry (interviews
3-9) we found that employed truck drivers do not perform any
significant maintenance and repairs on their truck. Instead, dri-
vers simply call for assistance and trucking companies send out
repair teams or arrange for a repair appointment at the nearest
service station. ATs will therefore need to be able to send out
distress signals and get assistance when needed. While some
drivers indicated that they do perform some maintenance on
their trucks (interview 7,9) this was restricted to minor fixes, for,
e.g., a broken headlight. Often drivers indicated that their com-
panies did not want them to try to repair problems with the truck
but instead rely on expert help. Some trucking jobs are union jobs
and in those cases the drivers often have clauses in their contracts
that restrict them to only driving and not having to perform work
such as maintenance and unloading (interview 2).

The benefits of automation in terms of shorter trip times and
lower costs could quite easily and quickly be incorporated into
trucking operations and logistics, as per one of our interviews
with a Senior Manager at a logistics firm (interview 4). AT startup
executives acknowledged that both weather and lighter regulation
motivated their decision to test in states such as Florida and Texas
(interviews 1,3). This raises questions regarding the widespread
application of this technology to all parts of the continental
United States.

Interestingly, every operator (interviews 5-10) we spoke to said
that they could not see any major barriers to ATs performing
highway journeys. Several of them (interviews 5,9,10) highlighted
the difficulties posed by inclement weather conditions, places
where lane markings are absent, and routing if global positioning
system (GPS) signal is lost, which could mean that some routes
continue to be driven by human drivers. All drivers we spoke to
try to use their maximum allowed driving time of 11h in a day.
They all also indicated that there are often several weeks where
they do not have any direct contact with their employers and
simply perform their tasks as assigned. All drivers also indicated
their trucks are tracked with GPS and therefore companies and
customers are continuously aware of their location. Our
discussions indicate that the job of long haul trucking has indeed
effectively been reduced to a single task, which-given conducive
external conditions-makes it amenable to automation.

We further offer some propositions for future research to
explore. Owing to the limitations of our sample size, the lack of
segmentation between different types of drivers, and no
consideration of potential confounders, these are not intended
as conclusions.

Proposition 1. A larger volume of shorter trips may not com-
pensate for the loss of work associated with automated long haul
trips. A transfer-hub model will require drivers to shift to short
haul jobs. The most common pay structure currently for “truck-
load" drivers, who haul full truckloads worth of generic con-
tainerized freight for a trucking company (and not for a shipper
like Walmart or Target), is payment per mile of haulage. They are
often not paid for the waiting and paperwork that occurs at the
beginning and end of each trip. Truckload drivers seek to max-
imize the time they keep the cargo moving. A shift to shorter trips
would increase the ratio of stationary (unpaid) to driving (paid)
time, reducing their wages per hour worked (Viscelli, 2016).

8

In our limited sample there was near consensus among our
interviewees that the shorter trips and lower pay that may come
from urban driving jobs will be unattractive (interviews 5-9).
Therefore, one of the interesting questions for future qualitative
research based on a large sample size would be to understand
operators’ views on shifting to short haul jobs and whether these
might hinder or accelerate a shift to the transfer-hub model.

Proposition 2. Transfer hub deployment could create short haul
jobs in locations that are different from where long haul truckers
currently live. A shift to only urban driving will likely require
operators to live in sub(urban) areas. At least one operator we
spoke with expressed reluctance to shift to short haul trucking for
this reason alone (interview 9). Around 40% of older truckers
come from rural areas so it’s possible that the geographical shift
will prove a barrier to transitioning current operators to short
haul jobs, which speaks to the cultural significance long haul
trucking jobs have carried in the U.S. (Levy, 2015). However,
these new jobs may prove attractive to new truckers joining the
workforce, who are increasingly from urban areas (Cheeseman
Day and Hait, 2019). Again, this is an important question for
future work and will require careful study. Shifting of employ-
ment from rural to urban areas for trucking will naturally have
political implications, particularly given the existing rural-urban
divide in the American political landscape (Thiede et al., 2017).

Proposition 3. Partial automation is viewed negatively by heavy
truck operators, as previous studies have suggested (Slowik and
Sharpe, 2018). Partial automation systems have also been criti-
cized in the broader safety literature as they may lead to disen-
gaged and distracted operators who are too quick to trust the
technology and will be unable to react in a timely and safe
manner should something go wrong (Endsley and Kiris, 1995).
Many companies involved in self-driving technology are in fact
skipping partial automation systems and focusing solely on full
automation (Ayre, 2017, Naughton, 2017, Volvo, 2017). Eco-
nomically, if companies still have to pay drivers for their labor
and also pay for the system, it is difficult to see how this would be
attractive compared to the current system of only paying drivers,
unless the cost savings from increased safety were significant. All
drivers (interviews 5, 7-10) in our limited sample expressed
dislike for partial automation systems that they have used or
experienced such as lane assist and emergency braking. How
might views on such technologies differ depending on the age and
experience of truck drivers? We believe that future work on the
transition from human driven to automated trucks and the
potential role of partial automation systems as a bridge technol-
ogy must take into account the views of drivers, as they will be the
primary users of such technologies.

Conclusion and policy implications

Automation of the major part of the job—in this case highway
driving—will naturally put downward pressure on wages in the
long haul trucking industry. It is unclear that the labor supply will
easily adjust to the new level of prevailing wage and operating
requirements (short haul jobs) in the market. Our limited number
of interviews certainly highlight the challenges employers may
face in transitioning long haul operators to different jobs such as
short haul driving. It also suggests that the deployment of AT is
being driven by techno-economic considerations alone with
limited understanding of the social consequences, consistent with
the broader narrative around automated mobility technologies
(Bissell et al., 2020). Although companies have claimed that such
technologies will benefit truck drivers, our evidence does not
suggest that the motivations of truck drivers are part of the
designed operation of this technology. Moving away from
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industry led visions of AT futures will require a greater under-
standing of the motivations and interests of long haul operators,
and a participatory approach to shaping AT deployment
(Mladenovié, 2019).

In the currently envisioned transfer-hub model, short term
adjustment costs are likely and potentially notable. As we show, a
significant share of operator-hours will be affected if the tech-
nology is deployed in all conditions and locations. Further, we
argue that this result is robust to increase in demand for freight
delivered through trucking if as assumed, the cost of long haul
trucking falls due to automation.

We do caution however that the potential loss of a significant
share of operator-hours to automation need not be necessarily
viewed as permanent unemployment or as a permanent welfare
loss. Long haul trucking has been characterized by turnover rates
of nearly 100% in recent years (Association, 2020b). The pro-
fession is increasingly unattractive to potential new entrants with
most new operators lasting less than a year in the job. This has
occurred in substantial part through a concerted effort to make
trucking cheaper by paying drivers less; for example, by
encouraging many drivers to operate as independent contractors
(Viscelli, 2016). Wages may need to increase as these arms-length
employment arrangements are challenged in court and as it
becomes increasingly difficult to find new drivers. This dynamic
may strengthen the economic case for automation.

Historically, technological change has resulted in short term
employment shocks but realignment in the labor market means
that these shocks have limited impact on the broader economy in
the long-run, as new industries grow and workers transition to
new jobs with new skill requirements (Bessen, 2019). Long haul
operators may therefore move across to different sectors after a
period of unemployment, some may transition to lower paying
short haul jobs that will be created by the transfer-hub model,
others may retire prematurely (Waschik et al., 2021).

The sharp reduction in labor cost makes the economics of ATs
compelling but will disrupt livelihoods and, by potentially shifting
demand from rail to trucks, likely also increase emissions of
greenhouse gasses and other air pollutants (Kaack et al., 2018).
The threat of jobs lost due to automation in trucking may also
have profound political impacts, the existing literature has found
increased support for radical right wing parties as the risk of
automation increases (Im et al, 2019). Policymakers could
demand that-in exchange for permission to deploy ATs on public
roads-truck operators re-invest some of the monetary benefits of
reduced labor costs to ameliorate the disruption to employment
and in reducing the environmental footprint of the trucking
industry (Viscelli, 2020). Ultimately, societal and political choices
can determine the mode of deployment of AT capabilities, and
accordingly, the winners and losers of any shift to automation of
long haul trucking.
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APPENDIX C

Supplementary Information for Chapter 5

Table C.1 shows the fleet metrics for 4 of the selected sample days. Metrics for the other 3

days in our sample set were shown previously in Table 5.3.

Table C.1: Fleet Metrics for Selected Days

Median
DC Median | Median . time
Day gf;‘;k Port / Tgtal Totgl pickup deadj fflf/ﬁ, Xl‘ggfte d to find
(kWh) S(!— trips taxis tnge heading (miles) (%) a DC
mile (mins) | (%) port

(mins)
1st May 2021 40 0.5 | 140558 | 13965 3 28% | 965452 0% 29
1st May 2021 60 0.5 | 140558 | 13145 3 28% 924970 0% 27
1st May 2021 40 1 | 140558 | 12163 3 29% | 837552 0% 4
1st May 2021 1 | 140558 | 12438 3 29% | 840778 1% 3
26th July 2021 0.5 | 88999 | 11241 4 27% | 766678 2% 25
26th July 2021 60 0.5 | 88999 | 9803 4 28% | 736383 2% 26
26th July 2021 40 1] 88999 | 9242 4 29% | 674985 2% 5
26th July 2021 1| 88999 | 9071 4 29% | 666786 2% 4
6th Sept. 2021 0.5 | 85770 | 10324 3 28% | 767592 2% 19
6th Sept. 2021 60 0.5 | 85770 | 9834 3 29% | 746800 2% 18
6th Sept. 2021 40 1| 85770 | 9593 3 29% | 708521 2% 5
6th Sept. 2021 1| 85770 | 9542 3 29% | 704437 2% 4
15th Oct. 2021 0.5 | 180094 | 19826 3 27% | 1349738 1% 39
15th Oct. 2021 60 0.5 | 180094 | 17938 3 28% | 1303656 1% 42
15th Oct. 2021 40 1 | 180094 | 16365 3 29% | 1155574 1% 5
15th Oct. 2021 60 1 | 180094 | 16244 3 30% | 1149289 1% 4

Figure C.1 below shows GHG costs per trip for the seven different days and four different
scenarios we consider in our analysis. Lowest externalities are obtained with a combination

of a smaller battery pack size of 40kWh with 1 dedicated fast-charger per square mile.
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Figure C.1: GHG costs per trip for each sample day

Figure C.2 below shows total external costs per trip for the seven different days and

four different scenarios we consider in our analysis. Lowest externalities are obtained with a

combination of a smaller battery pack size of 40kWh with 1 dedicated fast-charger per square

mile. External costs for a larger pack size with the same level of charging infrastructure

are almost the same across the different days considered, as increased GHG externalities

are compensated by lower VMT based externalities. Total external costs vary significantly

across the different days for each particular scenario due to unique ridesourcing demand

patterns and the effect of heating and cooling needs on energy use, for example ranging

from less than 1 USD per trip to nearly 1.5 USD per trip for the lowest cost scenario.

Figure C.3 shows the average total external costs per trip across the seven sample days

when charging related GHG emissions are zero (i.e. a fully zero carbon electricity grid).
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Figure C.2: Total external costs per trip for each sample day
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Figure C.3: Total external costs per trip averaged across all sample days when
charging related GHG emissions are zero
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Figure C.4 shows the power demand from fast-charging infrastructure and level 2 chargers
for the pre-pandemic day we model, 7th November 2019, with heavy trip demand. A
significant number of drivers abort their shift due to unavailable fast-charging infrastructure
and increase the power demand from level 2 chargers which rises continually throughout
the day albeit with a small dip during peak hours in the evening between 5pm - 7pm when

drivers maximize time spent on the road for increased revenues.

a) b)
60
§ 45
=
o
O 15
0
13:00 15:00 17:00 19:00 21:00 23:00 13:00 1500 17-00 19-00 21-00 23-00
c) d) === DC-fast charging
60 = | 2 charging
g 45
=
—
L
5 | s DA, e s =
g 15
0
13:00 15:00 17:00 19:00 21:00 23:00 13:00 15:00 17-00 19:00 21:00 23:00
Time Time

Figure C.4: Fast-charger and L2 charger power draw for 7th November 2019
a) and b) represent fast-charging infrastructure of 1 dedicated fast-charger per 2 square
miles and the small and large battery pack respectively. ¢) and d) represent fast-charging
infrastructure of 1 dedicated fast-charger per square mile and the small and large battery
pack respectively.

Figure C.5 shows the total external costs per trip averaged across all sample days when
we use a higher valuation for the social cost of carbon. Increasing the valuation of climate
damages increases total external costs by 16-18% compared to the results presented in Figure
5.4. Further, due to the higher valuation of climate damages, a 40kWh battery is always

preferred to the larger 60kWh battery given the same level of charging infrastructure.
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60kWh battery, 1 fast-charger / sg-mile
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VMT Costs

Figure C.5: Total external costs per trip averaged across all sample days when
using the 95th percentile SCC

Table C.2: Fleet Metrics for 20th February 2022 across different times for adjusting

driver supply

Median
Adjustment DC Median | Median . time
time for P.a ck Port / | Total Total | pickup | dead- Fleet Trips to find

Size . . . . VMT Aborted

supply of (kWh) Sq- trips taxis | time heading (miles) | (%) a DC
drivers mile (mins) | (%) 0 port

(mins)
2 minutes 40 0.5 | 121869 | 14944 3 28% | 994297 1% 31
2 minutes 60 0.5 | 121869 | 12940 3 28% | 952621 1% 35
2 minutes 40 1] 121869 | 11595 3 29% | 843284 1% 5
2 minutes 60 1| 121869 | 11597 3 29% | 836310 1% 4
4 minutes 40 0.5 | 121869 | 14806 3 28% | 996694 1% 31
4 minutes 60 0.5 | 121869 | 13037 3 28% | 954615 1% 35
4 minutes 40 1| 121869 | 11647 3 28% | 838413 1% 5
4 minutes 60 1| 121869 | 11488 3 29% | 833549 1% 4
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