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Abstract

Electrification of mobility on-demand vehicle services: infrastructure and fleet design,
operations, and policy recommendations

by
Gordon Scott Bauer
Doctor of Philosophy in Energy and Resources
University of California, Berkeley

Professor Daniel M. Kammen, Chair

To avert catastrophic climate change, society must rapidly shift to decarbonized forms of
transportation; recent reductions in the cost of batteries has made battery electric vehicles
(BEVs) a promising alternative. Meanwhile, mobility on-demand vehicle (MODV) services have
grown explosively in recent years, in some cases threatening targets for local air pollution and
global carbon emissions. Mobility on-demand is a novel form of transportation that represents a
shift from private ownership to commodification, in which users request transportation services
for individual trips via smartphone apps. Despite evidence that these services are ripe for
electrification, adoption of BEVs in fleet applications has been even slower than in the private
market. In this dissertation, I combine agent-based simulation with empirical methods to identify
pathways for rapidly electrifying MODYV services, including requirements for charging
infrastructure and battery range, routing strategies, and regulatory tools.

In Chapter 1, using taxi trip data from New York City, I develop an agent-based model to predict
the battery range and charging infrastructure requirements of a fleet of shared automated electric
vehicles (SAEVs) operating on Manhattan Island. I also develop a model to estimate the cost and
environmental impact of providing service, and I perform extensive sensitivity analysis to test
the robustness of my predictions. I estimate that costs will be lowest with a battery range of 50-
90 miles, with either 66 chargers per square mile rated at 11 kilowatts or 44 chargers per square
mile rated at 22 kilowatts. I estimate that the cost of service provided by such an SAEV fleet will
be $0.29-$0.61 per revenue mile—an order of magnitude lower than the cost of service of
present-day Manhattan taxis and $0.05-$0.08/mi. lower than that of an automated fleet composed
of any currently available hybrid or internal combustion engine vehicles (ICEVs). I estimate that
such an SAEV fleet drawing power from the current NYC power grid would reduce GHG
emissions by 73% and energy consumption by 58% compared to an automated fleet of ICEVs.



In Chapter 2, I build on this analysis to study the electrification of ridesourcing services (also
known as transportation network companies, or TNCs) in the U.S. in the present day.
Ridesourcing/TNC fleets present an opportunity for rapid uptake of battery electric vehicles
(BEVs), but adoption has largely been limited to small pilot projects. Lack of charging
infrastructure presents a major barrier to scaling up, but little public information exists on the
infrastructure needed to support ridesourcing electrification. With data on ridesourcing/TNC
trips for New York City and San Francisco, and using agent-based simulations of BEV fleets, I
show that given a sparse network of three to four S0kW chargers per square mile, BEVs can
provide the same level of service as ICEVs at lower cost. This suggests that the cost of charging
infrastructure is not a significant barrier to ridesourcing/TNC electrification. With coordinated
use of charging infrastructure across vehicles, I also find that fleet performance becomes robust
to variation in battery range and charger placement. My analysis suggests that mandates on
ridesourcing/TNCs, such as the California Clean Miles Standard, could achieve electrification
without significantly increasing the cost of ridesourcing services.

In Chapter 3, I shift to look at real-world barriers to MODYV electrification based on empirical
data. Leveraging over two weeks of high-resolution GPS and battery data from almost 20,000
EVs in the all-electric Shenzhen taxi fleet, I analyze the potential to improve fleet-wide
operations by optimizing both the location and timing of vehicle charging. I construct machine
learning models to predict travel time, queuing time at charging stations, and charge
consumption by time of day. Contrary to the emphasis on charging station siting in the literature,
I find that optimizing charging locations would have a relatively limited impact. Instead,
providing drivers with better real-time information about queuing times at charging stations, and
enabling flexibility in battery charge during shift changes could reduce down-time per vehicle by
over 30 minutes per day, while increasing the number of economically viable charging stations
by over 50%. Moreover, taking full advantage of break periods and nighttime to charge could
reduce downtime per vehicle by over one hour per day, reducing revenue losses due to charging
by roughly 90%. These results are verified with evidence from real-time charging station data
and driver shift-change data.

Contributions:

This dissertation contributes to the knowledge of sustainable transportation engineering through
advances in theory, methodology, and empirical results that can help guide MODV
electrification policy and implementation world-wide. Previous literature has claimed that
MODYV services are hard to electrify due to challenges with battery range and charging. In
particular, operations research literature has used rigid models that either do not accurately
reflect real-world constraints or require BEVs to operate in the same way as ICEVs. 1
hypothesize that allowing vehicles to charge during short windows in between trips and
relocating to new areas to anticipate demand can greatly increase BEV fleet performance. To test
this hypothesis, in Chapter 1 I develop a novel agent-based modeling method in the field of
operations research, including a new theoretical approach to fleet rebalancing based on the
equivalence between efficient demand forecasting and retrospective assignment. I hypothesize
that by having vehicles “look back in time” to relocate to areas with unmet demand and to
charging stations in the present, the model can evaluate minimum requirements for fleet size,



battery range, and charging infrastructure with a fraction of the computational cost of other
approaches. To test this hypothesis, I also developed a fleet rebalancing framework based on
demand forecasting and show that the retrospective approach returns equivalent results in much
less time.

As aresult, I show that BEVs can provide MODYV service at scale and at lower cost than
gasoline vehicles with present-day technology, while resulting in more rapid reductions in air
pollution and greenhouse gas (GHG) emissions than comparable investments in private vehicle
electrification. By maximizing flexibility in the design, this method also enables application to
new environments, as explored through the development of a national scale model at the end of
Chapter 1, and a TNC-specific model in chapter 2.

Previous studies and pilot projects have found that there is insufficient charging infrastructure to
support TNC electrification, in part because this infrastructure is prohibitively expensive. |
hypothesize that the cost of charging is largely driven by usage rates, such that efficiently
operated TNC fleets can drive down the cost of public fast charging for all users. To test this
hypothesis, in Chapter 2 I develop a simple theoretical approach to estimating requirements for
TNC charging infrastructure based on driver wage rates, driving speeds, and relocation times. I
then adapt the model developed in Chapter 1 to show that drivers do in fact have sufficient idle
time to charge, and that charging infrastructure is relatively cheap given reasonable usage rates.

Finally, chapter 3 applies these analyses to current BEV taxi operations in Shenzhen, China,
where drivers have complained of lost revenue and long queues at charging stations. Based on
my previous findings, I hypothesize that simple strategies to improve operations could greatly
reduce these problems. Whereas previous studies have conducted analyses based on incomplete
vehicle data, I integrate qualitative methods from in-person interviews (n=30) with quantitative
insights from analysis of multiple detailed datasets, web scraping and machine learning in an
interdisciplinary approach. I hypothesize that such a mixed-methods approach would result in
more nuanced findings than any one method could provide on its own. I show that reduced
revenue from BEVs results from irrational charging behavior that can be mitigated by simple
software and policy interventions. In turn, I find that real-time data collection and analysis efforts
are crucial to efficient MODV electrification.

Policy recommendations from this dissertation include establishing firm electrification targets to
catalyze investment in fast-charging infrastructure; establishing citywide open data platforms to
integrate real-time data on vehicle trajectory, battery charge, and charger availability; and
providing drivers and companies with training on best charging practices. Such capabilities may
also require labor policy reform to incentivize fleet operators to manage their drivers’ charging
behavior. In turn, digitization enabled by fleet electrification holds the potential to enable a host
of smart urban mobility strategies, including integration of public transit with innovative
transportation systems and emission-based pricing policies. As a number of cities worldwide
move toward fully electrified MODV fleets, this analysis has large-scale implications for
decarbonized, cleaner urban areas.



Limitations and directions for future research: This dissertation does not explore how
changes in vehicle supply and cost may impact trip demand. I have conducted a variety of
sensitivity analyses to ensure my results are robust to changes in trip demand, but this is a topic
that deserves further examination in the future. Similarly, [ have not analyzed how changes in
fleet operation or trip demand might impact congestion, which was critical to enabling
computational efficiency and geographic flexibility. I have made a variety of conservative
assumptions to counteract this omission, such as slightly increasing travel times and giving trip
requests a 10-minute buffer, but future work should address this topic more thoroughly. Future
work should also expand geographic scope, especially focusing on issues specific to suburban
and rural settings. I have not closely examined the impact of vehicle charging on the power grid
or potential benefits coordinated charging might provide. Future work should also seek to
incorporate charging activity by other types of BEVs, such as private vehicles and taxis, while
further exploring behavioral factors that influence charging decisions, such as availability of rest
places and food, opportunities to meet friends and other drivers, and range anxiety.

Finally, this study does not deeply analyze impacts on social equity, which deserves further
analysis in future research. Academics, social justice advocates, and policymakers must work to
ensure these new technologies help redress past and present injustices rather than exacerbating
them or merely maintaining the status quo.



To my parents,
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much love
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Introduction

In the following section, I provide an overview of the challenges and policies regarding
transportation electrification. I then discuss the emergence of mobility on-demand vehicle
(MODV) services, and the potential synergies with electrification. Finally, I provide a brief
introduction to each subsequent chapter, including previous studies and key contributions.

Transportation electrification

Transportation is entering a period of transformative change. Transportation represents the
fastest-growing source of the world’s greenhouse gas (GHG) emissions, with passenger cars
accounting for close to a sixth of carbon dioxide emissions,! and car sales set to more than
double by 2050.2 To meet the 2-degree and 1.5-degree targets established in the Paris
Agreement, transportation must shift rapidly to low-carbon technologies.?>* In the U.S.,
transportation recently became the single largest source of GHG emissions. Emissions have
grown by over 20% since 1990, while emissions from almost all other sectors have decreased or
remained constant.*

Battery electric vehicles (BEVs) have emerged as a market-ready technology with the potential
to reduce the carbon intensity of private transportation,>® and costs are falling to the point where
BEVs may become cheaper than internal combustion engine vehicles (ICEVs) for private use
within the next five to ten years.! BEVs could reduce transportation-related carbon emissions and
urban air pollution,®’ but despite years of strong public support, several barriers have slowed
adoption.®® BEVs typically have higher upfront cost than similar conventional and hybrid
vehicles, and they provide a shorter driving range.!%!! Consumers worry about the safety and
reliability of new technologies like batteries and electric motors.®® Charging infrastructure incurs
additional cost, and the vast majority of public charging infrastructure consists of Level 2
chargers,'? which require several hours to fully recharge longer range BEVs. Public DC fast
charging requires much less time (providing 60-80 miles of range in 20 minutes),'? but relatively
few fast-charging stations are available, and low utilization increases charging costs.

Meanwhile, car ownership and vehicle-miles traveled (VMT) are projected to increase several
fold by 2050, potentially leading to massive increases in energy consumption.'* My previous
research has suggested that providing incentives for personal BEVs may lead to significant
rebound effects in both vehicle ownership and usage.'’

Furthermore, focusing on electrifying privately owned vehicles ignores the fundamental
inequities of this system. While low-income neighborhoods are often burdened with greater air
pollution, BEVs are disproportionately owned and driven by residents of higher-income
neighborhoods.



In California in particular, there has been increasing focus on improving accessibility of BEVs to
low- and moderate-income groups. Low-income customers are eligible for an additional $2,500
rebate when trading in an older car for an EV. In addition, SB350, which established the zero-
emission vehicle (ZEV) mandate for 2030, also required that the California Air Resources Board
study ways to overcome barriers to ZEV access for low-income customers. A 2018 executive
order from Governor Jerry Brown also expanded ZEV incentives for low-income groups,
including targeted investment in charging infrastructure.

But resolving transportation inequity will also require shifting away from a system based
primarily on private vehicle ownership. For many households, ownership represents a major
financial burden, but today’s transportation system often makes owning a vehicle a prerequisite
to accessing jobs, education, healthcare, and food. As shown in Figure 1, travel by private
vehicles dominates across all income groups, but lower levels of vehicle ownership lead to
greatly reduced travel among low income households. Yet, due to fixed costs that make up a
large proportion of the cost of vehicle ownership, low-income households that own vehicles
spend a higher fraction of their income on transportation and each mile they drive costs more (as
shown in Figure 2).

1.00-
15000 -

Mode of travel

B Acie

. Private vehicle

. Transit

B shared mobiity

.Air

Boat

. Other

0.75-

10000

0.50-

5000-
0.25-

Fraction of total distance traveled
Distance traveled per year (mi)

0.00-
Io.w mnédle high low middle high
Income group Income group

Figure 1. Mode share and distance traveled by mode and annual household income group (low < $35,000, middle
$35,000 - $75,000, high > $75,000). Data from the 2017 National Household Travel Survey (NHTS).!¢
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Figure 2. Financial burden and cost per mile of vehicle ownership and operation by cost component and income
group (same boundaries as in Figure 1). Analysis based on data from NHTS, Kelley Blue Book,'” and Consumer
Expenditures Survey. '8

Mobility on-demand and the “three revolutions”

Meanwhile, the market for personal mobility is changing rapidly. Innovative mobility concepts
and strategies, from bikesharing and carsharing systems to innovative demand response bus and
shuttle services, are providing travelers with new, flexible, and tailored transportation options.
The widespread adoption of smartphones has enabled the rise of a new form of transportation,
the “mobility on-demand” (MOD) platform, in which users order transportation services for an
individual trip via smartphone apps.!*?* MOD is based on the transformation of transportation
modes and trips into interchangeable commodities with comparable costs and benefits, including
price, trip duration, wait time, and comfort. In other words, MOD converts transportation into a
marketplace where companies match vehicles and drivers with consumers in need of travel; this
can also include e-commerce. This marketplace requires system operators, which can lend itself
to implementation of various transportation demand management strategies to improve social
outcomes such as equal access and reducing traffic congestion.?*

Arguably, early versions of MOD have existed for decades in the form of carsharing?® and
carpooling?® services, but it has gained increased traction and attention since the advent of
transportation network companies (TNCs), also known as ridesourcing and ridehailing,! which
typically leverage digital marketplaces to connect travelers to drivers who provide prearranged
and on-demand transportation services in private vehicles for compensation.?> TNCs entered the
mainstream with the launch of Lyft and Sidecar in San Francisco around 2012, and they have
since spread around the globe, providing service similar to taxis but eclipsing them in many
markets. More recently, MOD has expanded to include shared micromobility — i.e., shared bikes

! Note that the term ridehailing was coined by the media and does not clearly distinguish between taxis and
TNCs/ridesourcing, so these latter two terms are preferred and will be used exclusively in subsequent sections.
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and scooters — and microtransit, a technology-enabled transit service that typically uses shuttles
or vans to provide on-demand or fixed-schedule service with either dynamic or fixed routing.?>2’
These latter services have gained rapid adoption: as of May 2018, there were almost 50,000
shared bicycles in the United States.?® Especially with the advent of the COVID-19 pandemic,
they may become an important feature of urban transportation in the future — for example, and
the collapse of public transit ridership may lead to an increased use of microtransit in some
places to provide a more flexible service model. Also, there are early indications that shared
micromobility may be growing in part due to its ability for travelers to maintain social
distancing. The global pandemic may also be contributing to longer shared micromobility trips,
enabling new use cases.

Similarly, goods delivery services such as Amazon, UPS, along with grocery and restaurant food
delivery services like Uber Eats and Instacart, have become an increasingly important element of
the MOD ecosystem. As people make fewer trips and remote work facilitates more suburban and
rural living, goods delivery will likely continue to grow rapidly in the coming decades.
Meanwhile, advances in automation technology and drone delivery will likely further increase
the affordability and “on-demand” nature of these services.?’

This diversity of on-demand transportation modes has given rise to a related by separate concept
called mobility as a service (MaaS) in which travelers can access a range of different modes
through a single platform and subscription.?® Maa$S will likely be an important part of the
sustainable transportation future, but it falls outside the scope of this dissertation.

In this dissertation, I focus on a subset of MOD services using automobiles, which I term
“mobility on-demand vehicle” (MODV) services, to distinguish from MOD services without
automobiles, such as shared micromobility. These services include both TNCs and e-hail for
taxis, as well as microtransit. Furthermore, while many of the insights also apply to goods
delivery services, the focus of my work is on passenger transportation services.

Although MODYV services currently represent a relatively small share of all vehicle miles
traveled, the sector has experienced explosive growth in recent years,* largely due to advances
in technology, changes in consumer patterns, and a combination of other economic,
environmental, and social forces.?® Some forecasts expect the global market to increase almost
three-fold by 2030.2>3! In some emerging economies with low labor costs such as India and
South Africa, these services already represent over 10% of vehicle kilometers traveled (VKT). In
several megacities in emerging economies, MODV services represent over one third of VKT (see
Table 1 for sources and calculations). With urban areas expected to add 2.5 billion people by
2050, urban sustainability will be a defining challenge of the 21 century, and MODYV services
will represent a key element.*?> While the ongoing COVID-19 pandemic has drastically reduced
MODYV ridership, this trend has been partially offset by increases in demand for delivery
services,** and ridership will likely rebound as the pandemic subsides.

Another technology on the horizon that could disrupt this trend and enable MODVs to dominate
the transportation market is vehicle automation.’**> Automation could lead to a series of
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cascading impacts on transportation and urban form, like allowing many consumers to sell their
personal vehicle and rely on MOD services, and the conversion of parking spaces to increase
network capacity or access for non-motorized modes; conversely, increased comfort of travel
could increase suburban sprawl as people become willing to move further from their work.3
Over a dozen pilot projects are underway in the U.S. exploring the use of automated vehicles in
MODV fleets. All of these projects operate only within a restricted geographic area, and most
require safety drivers in the vehicles at all times, but the technology could progress rapidly in
coming years.?8

Table 1. Summary of data used to determine fleet VKT proportion in select locations.

Location Fleet VKT Total automobile VKT % fleet Sources
Nations

China 142B taxi km/yr + 48.8B pkm Didi | 15k km/yr/veh * 250M veh = 6 373839
* 2 km/pkm = 236B km/yr 3.75T km/yr 40

India 1.3B TNC trip/yr * 4 total/TNC * 7 = 12k km/veh/yr * 33M veh = 16 A aAck
pkm/trip * 2 km/pkm = 73B km/yr  396B km i

South 450k R/yr/veh * 20 R/mi * 200k 17M hh * 0.3 veh/hh * 16600 14 4546 47

Africa veh * 2 km/pkm = 14B km/yr km/veh/yr = 83 B km/yr

Germany 56k vehicles * 50k pkm/veh * 2 14k km/yr/veh * 64M veh = 0.6 B
km/pkm = 5.6B km/yr 893B km/yr

England 62mi/p/yr * 56M ppl * 2 38M vehicles UK * 7k mi/yr * 6 3051
total/passenger * 2 (TNC + 56M ppl England/66M ppl UK =
taxi)/taxi = 22B km/yr 370B km/yr

USA 38B pkm/yr * 2 km/pkm 3.2T km/yr 2 L

Cities

Delhi 150k veh * 100k km/yr = 15M 3M veh * 10k km/yr = 30M km/yr = 33 2z
km/yr

Beijing 100k veh * 100k km/yr = 10M 6M veh * 10k km/yr = 60M km/yr | 14 33
km/yr

Mexico City = 140k taxi * 100k km/yr * 2 5M veh * 10k km/yr = 50M km/yr = 36 =
total/taxi = 28M km/yr

Bangkok 140k taxi * 100k km/yr * 2 5M veh * 10k km/yr = 50M km/yr | 36 53
total/taxi = 28M km/yr

Cairo 80k taxi * 100k km/yr * 2 total/taxi ~ 2M veh * 10k km/yr = 20M km/yr = 44 26

= 16M km/yr

Meanwhile, recent studies have shown that ridesourcing can increase both GHGs>” and
congestion.>® Without rapid decarbonization, the corresponding growth in transportation
emissions could easily offset carbon reductions in other sectors. Local governments are
increasingly concerned by ridesourcing’s adverse emissions impacts,” and BEVs offer a
potential solution.



As shown in Table 2, several countries have enacted policies to pursue MODV electrification.
California has set a timeline to set target reductions in TNC emission intensity,®® and India has
announced a ban on sales of new fossil-fuel vehicles for use in commercial fleets after 2026.5! In
California, the public utility commission is tasked with establishing targets for emissions
reductions for ridesourcing companies,’? Uber has announced that all its vehicles in London will
be electric or hybrid by 2025,% and Lyft has set a goal of 1 billion autonomous electric rides per
year by 2025.%* In addition, 15 countries have announced sunset dates on new fossil-fuel vehicle

sales.®

Table 2. Summary of on-demand automotive fleet electrification policies around the world.

Location Policy Year Notes Source
Oslo, Norway Electrification = 2023 100% taxi fleet electrification 66
mandate
Amsterdam, Electrification | 2025 100% taxi fleet electrification 67
Netherlands mandate
Washington D.C., Pilot project 2019 127 EV drivers, many complaints &
USA
New York City, USA | Electrification | 2013, | Conducted pilot project with 5 BEVsin 2013 | ¢
mandate 2020 and planned to electrify one-third of taxi fleet
by 2020; no progress made
India Electrification = 2026 All new commercial vehicle sales must be @
mandate electric, 40% of TNC fleets
Nagpur, India Pilot project 2018 200 drivers given EVs, planned 50 charging 70
piles at four locations but only 12 built. Most
drivers reverted to fossil-fuel vehicles
Costa Rica Electrification 2035, 70% bus and taxi electrification by 2035, 7
mandate 2050 100% by 2050
London, UK Electrification 2018- | New taxis must be electric starting in 2018, 72
mandate, 2025 emission-based congestion zone expanding in
emissions fee 2021, Uber plans to be fully electric by 2025
Medellin, Colombia  Electrification 2022 1,500 of 20,000 taxis will be electric "
mandate / pilot
project
California, USA Emissions 2020- | Establish baseline for TNCs in 2020, establish = *°
mandate 2023 targets by 2021 deadlines every two years
starting in 2023
Bogota, Colombia Electrification = 2025 50% electric taxis (progress not updated since = 7
mandate pilot project in 2015)

Previous studies have suggested that MODVs represent a ripe market for the adoption of battery
electric vehicles (BEVs), with the potential to overcome the barriers and inequities discussed
above and drive a step-change in transportation electrification. Vehicles used for MODV
services accumulate mileage more quickly than vehicles used for personal purposes only, such
that BEVs used for ridesourcing can provide greater benefits to vehicle owners due to lower
costs per mile,”>7® and they provide better returns on public electrification investments in terms
of reduced carbon emissions and air pollution per vehicle.”” My previous research has suggested
that due to higher utilization and more rapid vehicle turnover, a complete shift to shared electric
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fleets could have a greater impact on cumulative emissions reductions from transportation than
complete electrification of the personal vehicle market combined with rapid grid
decarbonization.”® This impact does not include the potential for shared fleets to increase
penetration of renewable energy sources on the power grid by shifting load to different times of
day.

In addition, because ridesourcing vehicles are typically driven in urban cores, ridesourcing BEVs
could increase public health benefits, especially in disadvantaged communities, while exposing
many consumers to the technology, which might increase private BEV sales.”%° The focus on
dense urban areas and short trips can also help overcome barriers related to limited battery range
and long charging times.%7>81:82

MODYV services also offer a new potential pathway to providing ZEV access to low-income
groups, through electric shared mobility services offered by ridesourcing companies. Previous
studies have shown that taxis can improve access for low-income families without cars,?*3* but
at great expense. Ridesourcing services have been shown to serve more diverse groups than
taxis,?>*5 and low-income groups are much more likely to use ridesourcing than to own a BEV,
adopting pooled ridesourcing at similar rates to other income groups.®® However, barriers still
remain, including access to smartphones and electronic finance, distrust of outsiders,**%7 and
other non-monetary factors. %3

The convergence of automation, ridesourcing, and electrification has been coined the “three
revolutions,” resulting in a new form of transportation called shared automated electric vehicles
(SAEVs).! Previous studies have estimated that SAEV's deployed in 2030 could reduce GHG
emissions per mile by more than 90% relative to privately owned conventional vehicles while
substantially reducing cost.” It is possible that such cost savings will increase overall vehicle
miles traveled as a result of induced demand, but some studies have predicted that the efficiency
gains would outweigh any resulting potential increases in emissions.!

But the nature and magnitude of these impacts is hardly inevitable. In particular, without
effective policies, these technologies could do little to change the status quo, leading to a future
where ever-increasing travel offsets any improvements in efficiency, resulting in worse
congestion and pollution. In this dissertation, I propose to study the social and environmental
impacts of shared fleets, as well as the barriers stopping the use of electric vehicles in taxi and
ridesourcing fleets today. I test the hypothesis that if electrified and operated in a coordinated
way, taxi fleets hold the potential to overcome these barriers and drive dramatic increases in
transportation electrification.

Outline and key contributions

Chapter 1:

My initial research focuses on a future where advances in automation technology have enabled
the use of shared automated electric vehicles (SAEVs).”?> SAEVs would offer on-demand
transportation in electric and self-driving cars similar to the service provided by current



transportation network companies such as Uber and Lyft but likely at much lower cost and
carbon intensity. Because each SAEV need only have enough seats (known as “right-sizing,” see
below for details) and battery range for the trip requested, and charging can be split over many
short periods in between trips, they could enable the use of smaller cars with shorter battery
range, overcoming the barriers of slow charging speed and high capital cost.”>3

Several previous studies have employed agent-based modeling techniques to explore the
feasibility of a fleet of automated taxis operating in an urban environment.®>%+1% Byilding on
these results, I develop an agent-based model to predict the system costs of a fleet of SAEVs
operating in New York City (NYC). Manhattan is a good test case because it is likely one of the
world’s best-suited cities to implement an SAEV fleet. With 1.6 million people living in an area
of 23 square miles, it is also the most densely populated region in the U.S. Car ownership in
Manhattan is both challenging and expensive; average household vehicle ownership in
Manhattan is about 0.3 vehicles,'?! compared with 1.9 in the U.S. as a whole.'?? As a result, taxi
usage is relatively high—taxi trips currently represent about 8% of all daily trips taken by
Manhattan residents.'??

Previous studies have shown that electric taxi fleets are viable options under certain
circumstances. However, those studies have chosen fixed values for various fleet parameters. To
my knowledge, ours is the first study that explores a variety of vehicle, operational, and
infrastructure parameters to identify the fleet configuration with lowest cost, and the
corresponding environmental and energy impacts. In contrast to previous work, my analysis also
assumes that taxis can relocate to charge whenever they are idle, which may reduce both the
required battery range and overall cost as well as the impact of the vehicle fleet on the power
grid. Furthermore, instead of assuming that batteries will be replaced on a fixed schedule, I study
the optimal battery replacement schedule by investigating the impact of battery degradation on
the number of taxis required to serve demand. Including this flexibility in my model allows me
to make substantive recommendations regarding how SAEV fleets should be designed, the
greatest barriers facing implementation, and how the impact of this technology might differ from
adoption of personal BEVs.

Results: I estimate that costs will be lowest with a battery range of 50-90 miles, with either 66
chargers per square mile rated at 11 kilowatts or 44 chargers per square mile rated at 22
kilowatts. I estimate that the cost of service provided by such an SAEV fleet will be $0.29-$0.61
per revenue mile—an order of magnitude lower than the cost of service of present-day
Manhattan taxis and $0.05-$0.08/mi. lower than that of an automated fleet composed of any
currently available hybrid vehicle or ICEV. I estimate that such an SAEV fleet drawing power
from the current NYC power grid would reduce GHG emissions by 73% and energy
consumption by 58% compared to an automated fleet of ICEVs.

Key contributions:

Theoretical — Current notions in business, policy, and research contend that BEVs require long
battery range and fast charging, both of which lead to higher costs. On the contrary, I



hypothesize and test in the MODV context, more efficient operations enable shorter battery
range and slower charging, such that BEVs can serve demand at lower cost than ICEVs with
present-day technology. In particular, because MODYV services are dominated by short-distance
trips and fleets are sized to meet peak demand, I hypothesize that each vehicle may only need
enough battery range to serve a single trip and often will have time to recharge in between trips.

Previous studies in operations research have looked at the performance of BEV fleets using
agent-based models, but these models have failed to simulate efficient fleet operating strategies,
employing only rigid and simplistic fleet rebalancing strategies. For example, Chen et al. (2016)
and Loeb et al. (2018) only allowed vehicles to charge when they did not have enough range to
serve a trip, while Bischoff and Maciejewski (2014) only allowed vehicles to charge while
waiting at a taxi stand. Hu et al. (2018), Yang et al. (2017), and Jia et al. (2018) assumed each
BEV must serve the same trajectory as a present-day ICEV, and that charging would only occur
when the taxis currently had idle time.

These simplistic assumptions have resulted in the false conclusion that BEVs inevitably will
increase cost. In part these models’ simplicity comes from constraints on computational
resources. | hypothesize that a more flexible modeling structure can enable simulating efficient
fleet operation at low computational cost, and so reveal the true potential for MODV
electrification.

Methodological — 1 develop a novel agent-based modeling framework, employing
“retrospective” rebalancing to efficiently assign a fleet of shared vehicles to serve mobility
demand, and show that this method is equivalent to an efficient demand forecasting algorithm. I
apply this new modeling framework to study the case of electrifying taxi operations in
Manbhattan. I also couple the simulation with a model to evaluate cost and environmental impact,
along a model predicting battery degradation. Finally, I develop a method for optimizing fleet
size and battery capacity to minimize total cost, given that battery lifetime is determined by the
amount batteries are oversized relative to minimum required range, which in turn is a function of
fleet size.

Empirical —1 find that given efficient operations, BEVs can serve demand at lower cost than any
ICEV or hybrid vehicle, while greatly reducing cost, GHG emissions, and air pollutants.

Chapter 2:

The results of Chapter 1 beg the question, why aren’t MODYV fleets already electrifying? In
particular, in this chapter I focus on modeling pathways to ridesourcing electrification. Early
efforts at ridesourcing electrification have experienced mixed results. In a London pilot project,
Uber found that over 80% of BEV drivers lacked access to home charging, and insufficient
public infrastructure prevented drivers from serving as many rides as they could with ICEVs.”®
Elsewhere, ridesourcing BEV drivers have reported declining rides because their vehicles lacked
sufficient charge as well as losing revenue owing to time spent charging and looking for
charging stations.!**!% In a pilot in South Korea, BEV taxis provided a much lower benefit-to-
cost ratio compared with natural-gas-powered taxis because of limited charging infrastructure
and battery range.!% In China, electric taxi drivers exhibit significant range anxiety, driving
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relatively short distances between charging events.'%’ In Beijing, researchers found that EV taxis

with 130 to 160 km of battery range travel only 118 km per day, compared to 250 km for
conventional vehicles, suggesting that they do not earn nearly as much revenue.'*® In Hong
Kong, surveys with taxi drivers and owners revealed that both the location of chargers and
charging time are two of the most important factors affecting perception of BEV adoption.'” In
India, the TNC company Ola launched a highly publicized pilot with BEVs in the city of Nagpur
but ended the project prematurely due to driver strikes arising from long queues at charging
stations and lost revenue.”®

While it is thus evident that ridesourcing electrification will require convenient and inexpensive
public fast-charging charging infrastructure, there is limited public information regarding
optimal infrastructure design and BEV fleet operation. Wood et al. (2018) built an optimization
model of a hypothetical ridesourcing fleet in Columbus, Ohio, based on GPS data from cell
phones.''® However, these data did not distinguish ridesourcing trips from trips taken by other
modes, and the authors assumed that all drivers have access to home charging, whereas
ridesourcing electrification in major cities likely will depend on public charging as discussed
above. Ke et al. (2019) developed an optimization model to study scheduling of charging
sessions in an electric ridesourcing fleet but did not base their analysis on real-world data and did
not incorporate spatial constraints in the model.!'! Tu et al. (2019) analyzed current trajectories
of ridesourcing vehicles in Beijing and found that ubiquitous Level 2 charging at all driver
homes and dwell locations would be required to electrify 90% of the fleet, but the authors did not
account for the possibility that BEVs could have different trajectories than ICEVs.!!?

This study builds on the work discussed in Chapter 1 by extending the agent-based model to
present-day ridesourcing fleets in San Francisco and New York City, which incorporates
flexibility as to when drivers relocate to charge. Previous studies have determined charging and
trip assignment separately, leading to much less flexibility in the timing of charging than if the
two are determined simultaneously. Also, most previous studies have only allowed vehicles to
charge when battery range falls below a threshold, and they have required vehicles to remain
charging until at full capacity.’®%%113:114 T hypothesize that flexibility both in terms of when to
charge and the extent of charge may be even more important for ridesourcing than for other BEV
applications, because the vehicles return to the drivers’ homes at the end of shifts, where
charging stations may not be available. This hypothesis is consistent with Keskin and Catay
(2016), who found that allowing partial-charge sessions improves electric fleet performance.!'!s

Results: I show that given a sparse network of three to four S0kW chargers per square mile,
BEVs employed in TNC fleets can provide the same level of service as ICEVs at lower cost.
This suggests that the cost of charging infrastructure is not a significant barrier to ridesourcing
electrification. With coordinated use of charging infrastructure across vehicles, I also find that
fleet performance becomes robust to variation in battery range and placement of chargers.

Key contributions:

Theoretical — Previous studies and industry reports have argued that TNC operations are
challenging to electrify due to the lack of fast charging infrastructure, and that drivers lose
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revenue when they go to charge. On the contrary, I hypothesize that due to the nature of TNC
operations: a) TNC drivers have sufficient time in between trips to charge without losing
revenue; and b) cost of charging is largely dependent on usage rates, and MODYV services can
provide sufficient charging demand to fund the development of public fast-charging
infrastructure.

Methodological — To test the above hypothesis, I develop an approach to estimating charging
infrastructure requirements and the opportunity cost of charging based solely on wage rates,
driving speed, and relocation distances. I then apply and extend the modeling framework
developed in Chapter 1 to analyze the cost and barriers to electrifying present-day TNC
operations in both New York City and San Francisco. This effort includes integration of survey
data regarding driver earnings, shift lengths, and commute distances. I also develop new methods
for modeling different charger siting strategies and fleet operational capabilities.

Empirical — 1 find that electrification does not necessarily result in increased cost, and that long
charging times do not inevitably lead to revenue losses given that drivers only spend a fraction of
their shift serving trips. I find that providing drivers with information regarding charger
availability and future demand reduces requirements for both charging infrastructure and battery
range.

Chapter 3:

Naturally, simulation can never capture all of the barriers experienced in real-world
implementation. In this final chapter, I turn my focus to Shenzhen, China, where the taxi fleet
has already been completely electrified. To build a sustainable roadmap for taxi electrification
that can be adapted and adopted elsewhere, the Shenzhen electric fleet must provide the same
level of service as a conventional fleet at low cost and with significant carbon benefits. Local
interviews conducted with drivers and reports in the media suggest, however, that time spent
charging — in some cases over three hours per day — results in lost revenue, compounded by
problems with queuing at popular charging stations.''¢

In this chapter, I use over two weeks of GPS and battery state of charge (SOC) data from about
20,000 electric taxis in Shenzhen to evaluate the potential of different interventions to the
problems described above. The data come from January, May, and June 2019, and they consist
of snapshots taken every five minutes from each vehicle. Using these data, I develop several
machine learning models to predict operational characteristics of the taxi fleet and present a
framework for how this modeling platform can be implemented in practice.

In particular, I analyze the impact of four proposed interventions that could reduce the charging
burden: 1) optimizing the location of charging stations to minimize travel time to charging
stations, 2) optimizing the dispatch of vehicles to charging stations to minimize both travel and
queuing times, 3) shifting more daytime charging to early morning hours when demand for taxi
trips is low, and 4) shifting charging to times when vehicles are idle. I conduct simulations to
estimate and compare the potential impact of these various interventions on fleet performance,
driver revenue, and charging infrastructure use. Finally, using one day of driver shift-change
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data, I compare the performance of groups of drivers with different charging patterns to verify
the simulation results.

Results: Contrary to the emphasis on charging station siting in the literature, I find that
optimizing charging locations would have a relatively limited impact. Instead, providing drivers
with better real-time information about queuing times at charging stations, and enabling
flexibility in battery charge during shift changes could reduce down-time per vehicle by over 30
minutes per day, while increasing the number of economically viable charging stations by over
50%. Moreover, taking full advantage of break periods and nighttime to charge could reduce
downtime per vehicle by over one hour per day, reducing revenue losses due to charging by
roughly 90%. These results are verified with evidence from real-time charging station data and
driver shift-change data.

Key contributions:

Theoretical — BEV taxi drivers in Shenzhen have complained of lost revenue and long queues at
charging stations, leading the media to report that BEVs are not ready for widespread adoption in
MODV services. Based on my previous findings, I hypothesize, test, and demonstrate that simple
strategies to improve operations (i.e., showing drivers accurate estimates of queue times at each
charging station and encouraging drivers to charge during breaks and nighttime) could greatly
reduce these problems. I also hypothesize, test, and demonstrate that such strategies will require
a mixed-methods approach combining insights from both qualitative and quantitative research
methods. I employ a range of qualitative and quantitative methods to demonstrate this: semi-
structured interviews, big data analysis, web scraping, machine learning, and simulation.

Methodological — 1 integrate driver interviews (n=30) with web scraping, data analysis and
machine learning techniques to conduct a mixed-methods analysis of barriers to taxi
electrification in Shenzhen, China, and evaluate the impact of potential solutions.

Empirical — 1 find that simple software and policy interventions could greatly reduce revenue
losses currently caused by electrification, decreasing queue times at charging stations while
shifting charging activity to times of day when vehicles are currently sitting idle. In turn, I find
that real-time data collection and analysis efforts are crucial to efficient MODYV electrification.
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Chapter 1:
Simulation of Shared Automated Electric Vehicle (SAEV) fleets
serving urban mobility

1.1. Introduction

In both the literature and public discourse, common perception holds that BEVs are currently
inferior to conventional vehicles because a) the high cost of batteries leads to limited range and
higher upfront cost, and b) relatively slow re-charging times make usage in high-mileage
contexts infeasible.®!'” My collaborators at LBNL and I hypothesize that with shared fleets,
these barriers can be overcome because a) vehicles need only enough battery range to serve
individual trips, which are typically less than 10 miles, and b) vehicles can use idle time between
trips to re-charge. To test this hypothesis, I built an agent-based simulation framework to route
shared vehicles to serve trips and to charge, and tested the performance of a variety of fleet
scenarios using real-world data from Yellow Cabs in Manhattan.

Several previous studies have employed agent-based modeling techniques to study taxi fleets,
but most focus on self-driving cars, and few have modeled BEVs.?4%3%° Of those that do consider
BEVs, the charging relocation strategy is typically either absent or simplistic. Chen et al. (2016)
and Loeb et al. (2018) only allowed vehicles to charge when they did not have enough range to
serve a trip, while Bischoff and Maciejewski (2014) only allowed vehicles to charge when at taxi
stands. Hu et al. (2018) studied the feasibility of electrifying Yellow Taxis in NYC, defining
“feasibility” as able to serve 99% of the same trips as an ICEV. They found that only 7% of the
fleet could be electrified with current charging infrastructure, and half of the fleet could be
electrified by installing approximately 400 additional charging stations. However, the authors did
not consider charging congestion or relocation times after charging. They also placed several
restrictions on when the vehicles could charge, such as being within half a mile of the nearest
station. Yang et al. (2017) simulated electrification of taxis in Beijing to determine optimal
charging siting, but they assumed charging would only occur when the taxis currently had idle
time, 1.e., they did not allow for relocation to charging stations. Similarly, Jia et al. (2018) used
this data to simulate trip chains of distance equal to electric taxis’ assumed range (150km), and
used the end points of these chains to estimate optimal locations for charging stations.

Fagnant and Kockelman® developed an agent-based model of self-driving conventional taxis on
a 10 mi. by 10 mi. grid network (16 km by 16 km), and found that shared vehicles could serve all
trips with roughly one-tenth of the number of vehicles, and only 10% additional miles from
vehicle relocation, resulting in GHG savings of about 5%. In a subsequent study, the group used
MATsim to model a more realistic grid network based on the Austin, Texas metropolitan area,
and obtained similar results.”> Chen et al. extended this model to look at the impact of
electrifying this self-driving taxi fleet, and found that taxis with a battery range of 80 miles

(129 km) could replace about three vehicles each, while increasing the battery range to 200

miles (322 km) resulted in a replacement ratio of over five to one.”? A deeper analysis of this
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model determined that shifting from Level 2 (240V, AC, 7 kW) to Level 3 charging (480V, DC,
50 kW) increases vehicle replacement to 5:1 and 7:1, respectively.”® It was estimated that this
electric fleet would cost between $0.40-$0.50/mi. ($0.25-$0.31/km) to operate, and capture as
much as a third of overall travel mode share.”

Meanwhile, Bischoff and Maciejewski®” used the MATSim framework to model 50 electric taxis
serving 5% of inner city travel demand in a small city in Poland, with 50 kW fast chargers at
each taxi stand. They found that electric taxis can serve demand just as well as conventional
vehicles during normal demand conditions, but may incur negative impact during periods of high
demand. Building on these results, they developed a cost model to determine the feasibility of a
fleet of electric taxis in Berlin, assuming one charger for every 10 taxis, all charging at 50 kW
(i.e. level 3 DC fast charging), and battery replacement every second year.”® Their main finding
was that under these circumstances, electric taxis could only become cost-competitive with
conventional vehicles if the cost of electricity falls below 0.20€/kWh or battery warranties
improve.

Burns et al.!® used three case studies to investigate the environmental and travel impacts of
shared automated mobility systems, including a study of New York City taxis. They found that
customer wait time and empty vehicle miles decrease exponentially with fleet size, such that a
fleet of 9,000 shared automated vehicles (about two-thirds the size of the current taxi fleet) could
serve all Manhattan yellow taxi trips with a mean wait time of less than one minute.

1.2. Methods

1.2.1 Taxi trip data

All trip data for my analysis were downloaded from the NYC OpenData 2015 database of yellow
taxi trips. For most of my simulation runs, Wednesday, February 4, 2015 was used as a typical
weekday (415,249 total trips) during the winter months when demand is at its highest. To test for
stability over time as well as the impact of higher demand on two consecutive weekends, the
simulation was also run with trip data for a 10-day period, February 6-15, 2015. To test the
impact of fluctuations in seasonal demand (taxi demand is somewhat lower during summer
months), this longer-period simulation was repeated using data from August 7-13, 2015. Figure 3
shows the total daily number of NYC taxi trip requests for all of 2015, whereas Figure 4 shows
the number of trip requests by hour across an average week. Table 3 summarizes descriptive
statistics of baseline simulation results.
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Table 3. Summary statistics of simulation results over 24 hours

Minimum Lower Median Mean Upper Maximum
quartile quartile
Number of charging events per vehicle 2 11 13 13.13 16 29
Number of trips served per vehicle 4 22 26 25.48 29 47
Relocation time per charging event 0 3 4 4.95 5 32
(min)
Relocation distance per charging event 0 0.3 0.4 0.79 0.6 14
(mi)
Relocation time per trip (min) 0 0 0 2414 4 51
Relocation distance per trip (mi) 0 0 0 0.33 0.4 17.9
Trip durations (min) 0 7 11 12.64 17 59
Trip distances (mi) 0 1 1.5 1.9 24 21.9
Duration of charging events (mi) 1 3 7 16.55 18 299
Time spent charging per vehicle (min) 0 175 215 2134 259 437
Trip distance served per vehicle (mi) 24.4 91.3 101.1 99.9 110 153.7
Time spent serving trips per vehicle 163 644 700 681 740 892
(min)
Distance relocated per vehicle (mi) 5 21.7 26.1 26.44 30.7 56.7
Time spent relocating per vehicle (min) 39 161 184 184.4 209 315
Wait times (min) 0 0 0 2.148 4 10
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Figure 3. Number of taxi trips by day of the year.
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Figure 4. Demand profile during each hour of the day, for each day of the week.

As with current pilot projects,'?’ automated vehicles will likely need to remain within a defined

geo-fenced area for the foreseeable future (i.e., level 4 automation),'?! so, for both realism and
computational simplicity, the data set was restricted to trips that both started and ended on
Manhattan Island. Trips outside of Manhattan would presumably be served by a different fleet
entity, as they largely are today by Green Cabs.!?> Removing trips falling outside these
boundaries on my representative day left me with 349,026 trips or 84% of total demand. Other
potential limitations of level 4 automation (inclement weather, accidents, road construction, etc.)
fall outside the scope of this study.
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Figure 5. Snapshots of simulation activity at three different times of day. Red dots show vehicles serving trips, blue
dots show empty vehicles, and green circles show charging stations with the size denoting the number of vehicles
charging there. An animation of a 48-hour taxi trip simulation model run can be found at
https://youtu.be/gQgljuN2gDY.
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The data retrieved from NYC OpenData contain starting and ending trip times, geolocations, and
distances for all taxi trips, but do not include times and distances that taxis traveled between
drop-offs and pickups. To estimate these data, Google Maps API was used to retrieve
bidirectional times and distances for a 498-point set of points of Manhattan (248,004 point pairs),
which were then used to interpolate values for a total of 4,482 points approximately representing
each street corner. To account for congestion, Google Maps was used to estimate times and
distances for a subset of 50 points (2,500 point pairs) at every hour of the day, which were then
used to extrapolate delays for the rest of the data set. This data was verified by running
simulations with random error based on correlation to trip times and distances in the taxi dataset,
and found my estimates to be conservative.

As shown in Figure 6, of the three data sources I used for relocation times, Google Maps with
traffic prediction had the best correlation with times taken from the taxi trip data, with an r-
squared value of 0.62 and a standard deviation of 5 minutes. Distance predictions were
somewhat better, with an r-squared value of 0.85 and a standard deviation of 0.6 mi. Both
distances and times predicted by Google were slightly longer on average than those reported in
the taxi dataset (0.2 mi. and 2 minutes, respectively), which I considered conservative because
SAEVs will likely drive less aggressively than NYC taxi drivers.

To test the impact of this error on results, I performed several simulations in which relocation
datasets were multiplied by an error distribution matrix with a mean of one and standard
deviation of 0.3 (equivalent to the 5-minute standard error shown above). As shown in Table 4,
both normally distributed and gamma-distributed errors consistently produced fleets that were
10-15% smaller than simulations with the baseline relocation matrix. I hypothesize that this
result stems from the fact that trip assignment prioritizes the closest taxi, and multiplying by
error matrices increases the likelihood that some taxi will be more close by (others will be further
away, but this does not affect the result). In turn, reducing relocation times reduces the over
number of vehicles required to serve demand. Thus, I consider my baseline results to provide
conservative estimates of cost of service. Note that the smaller fleet sizes resulted in significantly
more empty miles, as taxis tend to be further from trip requests (distance error was not correlated
with time error, since error in times was assumed most likely due to congestion).
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Figure 6. Distributions of the difference between travel times predicted by Google Maps API and OSRM, and those
given for passenger trips in the actual taxi dataset.

Table 4. Simulation results with modifications to relocation matrix

Relocation error Battery Chargers Charging Charging Fleet size Empty
range (mi.) stations power (kW) miles (% of

total)
Baseline 100 2000 | 500 | 7 6553 20
Normal 100 2000 500 7 5709 35
Normal 100 2000 | 500 | 7 5689 35
Normal 100 2000 500 7 5711 35
Gamma 100 2000 | 500 | 7 5981 23
Gamma 100 2000 500 7 5980 23

1.2.2  Taxi routing model description

Using the R coding platform version 3.3.3, I developed an agent-based model to simulate the
movement of taxis around Manhattan throughout the day. This model has since been named
Routing and Infrastructure for Shared Electric vehicles (RISE), and has an open-source license
through Lawrence Berkeley National Laboratory. Agent-based modeling is well-suited to my
research question because as compared to other analysis techniques, it allows for more realistic
interaction between vehicles, passengers and charging stations, and easy modification of various
assumptions such as strategies for charging, trip assignment, and vehicle relocation.!?3
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The model proceeds chronologically, assigning taxis to trips in each minute throughout the day.
Trip timestamps are used to represent the time when the trip was requested via a smartphone app,
and priority is given to the first trip requested within the minute. The model assigns to each trip
the closest available taxi that has at least enough range to both serve the trip and then make it to
the closest charging station. In cases where more than one taxi meets these criteria, the model
assigns the taxi with the greatest battery range. Given that Uber has already become the single-
largest taxi service in NYC,!** and industry experts predict that automation will give further
monopoly power to large fleets,'?® I assume that all trip assignments are managed by a single
operator.

To assess a constant level of service across all model runs, I chose 10 minutes as the maximum
amount of time a passenger would be willing to wait between trip request and pickup. If no taxi
is able to reach a trip request within this window, a new taxi is created to serve the trip. As such,
the simulated taxi fleet grows gradually over the course of the day, and the simulation is
designed to produce the minimum number of taxis required to serve the demand given
constraints in battery range and charging infrastructure. It is assumed that “created” taxis
represent vehicles that had been idle up until that point in the day.

To manage vehicle relocation between trips, I assumed that the fleet operator would have a well-
trained algorithm to predict the spatial distribution of future trip demand and efficiently route
taxis between trips when necessary, to ensure vehicles are located within a 10-minute radius of
trip requests whenever possible. Assuming perfect foresight, in cases where no taxi can reach a
trip request within 10 minutes, the model allows taxis to start relocating as soon as they ended
their previous trips. For example, a taxi that had been idling for five minutes could, within the
10-minute tolerance window, reach trips requests up to 15 minutes away. This assumption was
verified with simulations that managed vehicle relocation based on historic trip data, and I
explore the impact of changing relocation algorithms in my sensitivity analysis (see below for
details). In reality, relocation times will be stochastic, such that some trips will not be served
within the 10-minute threshold. In this study I use 10 minutes merely as a benchmark for
comparison between different fleets; real-world fleet operators must weigh the value of
decreasing wait times against the cost of increasing fleet size.

1.2.3  Charger routing simulation

In between trips, taxis must also decide whether or not to drive to a charger. Again assuming
accurate demand prediction, in each minute, each taxi identifies the charging locations where it
could have driven and spent enough time charging to at least replenish the energy expended to
get there. It is assumed that chargers are automated (either wireless or employing a robotic arm),
such that vehicles begin to charge as soon as they arrive at a station. Each vacant charging point
accepts the closest feasible taxi that has not already been assigned and is then designated as
occupied until the taxi either accepts a trip request or its battery is fully charged. Note that this
method differs significantly from previous models because it allows taxis to charge for very short
periods in between trip requests instead of waiting to run out of charge and then remaining at a
charger until the battery is fully charged. My hypothesis is that this method allows for greater
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flexibility in charging, thus allowing the system to adjust to both shorter battery ranges and
dynamic electricity pricing. In my simulations, the empty miles that taxis spent relocating to
charge and to pick up passengers represented about 20-25% of passenger miles, or about 25
miles per vehicle per day. While this is significantly more than that found by other studies, over
half of trips are served by vehicles less than 0.1 mi. away, so I expect that increased empty miles
are an artifact of the short average distance of Manhattan taxi trips (1.9 mi.; see below for more
details). Simulations of a fleet of ICEVs suggest that empty miles are almost the same as for an
electric fleet, so I do not expect that electrifying Manhattan’s taxi fleet would increase
congestion.
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Figure 7. Schematic describing original RISE vehicle routing algorithms.

1.2.4  Charger distribution model

To rationally populate my model with a network of chargers, I used an elimination method,
starting with all possible charging points and iteratively removing the location whose absence
caused the least impact on the system. In an initial simulation, taxis charged whenever idle, no
matter where they were located. This initial iteration was run with several different battery
ranges, and it was found that the charger distributions produced with 20-mile battery range
resulted in the smallest fleet sizes. For each location, the algorithm then calculated the total
amount of charging time that would be lost if all the taxis at that point were forced to relocate to
the next nearest point with chargers, and the charging location with the lowest loss was removed.
The chargers at that location were transferred to the next nearest point and the process was
repeated. By removing the lowest-loss location in each iteration, this algorithm runs the risk of
missing a globally optimal solution that could entail a different combination of removal steps. To
protect against falling into a locally optimal but globally suboptimal solution, 100 points were
randomly added back each time the algorithm had removed 500.

20



After synthesizing each distribution of charging locations, I ranked the importance of each
individual charger by calculating the amount of time for which it was occupied on the simulated
day. When limiting the number of individual chargers, chargers were removed in order of
occupancy time, from least to most.

As shown in Figure 8, I compared the simulation results from four different strategies for
synthesizing the charging network, using two dichotomies: whether the charging infrastructure
synthesis algorithm described in the methodology was applied to the charging locations or to
each station individually, and whether the initial network was obtained from a simulation using a
battery range of 20 miles, or 100 miles. Based on these results, in order to minimize the number
of taxis, I ran all simulations using the charging network based on a 20-mi. range fleet with the
network selected by locations. Six of these distributions are displayed in Figure 9.
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Figure 8. Comparison of simulation results from four different charging networks using different rules to rank
charging stations. Numbers show the cost of the fleet in cents per mile served.
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Figure 9. Distributions of charger stations with varying number of locations (first number) and total stations (second
number). Size represents the absolute number of charging stations at a given point, while color represents the
number relative to other points in the distribution.

1.2.5 Battery degradation model

As shown in Equation 1, degradation is composed of two parts: calendar loss, and cycle loss.'?¢
1
Quoss.% = klekzlAh + k3(‘1’_Ea/RTt'E (1)

The parameters k; and k> are quadratic functions of temperature (approximately 0.0008 and 0.4 at
20°C, respectively), while k; is a constant equal to 14,876 days™-. 4h is charge throughput
(expressed in cumulative ampere-hours), / is current (expressed in C-rate, the fraction of total
capacity discharged per hour), E, is the activation energy (24.5 kJ/mol), R is the ideal gas
constant (8.314 J/mol/K), and ¢ is time in days. For temperature (7), | made the simple
assumption that battery temperature is held constant at 20°C while driving to optimize
performance, and used an overall average of 15°C to calculate calendar loss, given that
temperature will fall when the vehicle is idling (about half the time), and the annual average
temperature in New York 1s 10°C.
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Using the Nissan Leaf as a model, where each battery cell has a voltage of around 4 V, 1
assumed that charge throughput is equal to energy throughput divided by 4 (energy throughput is
equal to miles traveled multiplied by vehicle efficiency in kWh/mi.). I converted EPA drive
cycle data'?’ to power using Equation 2,

Poy A 1
Pin =2 = Fv = (ma + Fu)v/n = (M35 + 3 CopAv? ) v/n 2)

where P is power, a is acceleration, F'is total force, Fii- is force required to counter air
resistance, v is velocity, # is engine efficiency, m is the mass of the vehicle (assumed to be 1100
kg plus 7 kg per kWh of battery capacity, derived from correlations between weight and battery
size of currently available vehicles), Cp is the drag coefficient, assumed to be 0.3, 4 is the frontal
area of the vehicle, assumed to be 0.66 m? (both based on published numbers for currently
available EV models) and p is the average density of air, 1.225 kg/m?.

Assuming that # is independent of speed, since I know the total energy consumption over the
driving cycle, I can calculate the relative energy consumption of the vehicle in each second,
removing 7 from the equation. To get the C-rate, I then divide this rate of energy consumption by
the battery capacity. Figure 10 shows the C-rate profile for a range of battery capacities in the
EPA drive cycle for New York City.

Battery range (mi)
20

— 50

- 100

= 150

— 200

21 I 250

i “ ;
\ | | i ﬁ L
. J.H Bi..."u .u’i‘ LA % : -

Current (C-rate)

0 200 400 600
Time (s)

Figure 10. Estimated current profiles over the course of the EPA driving cycle for New York City, expressed as the
fraction of total capacity discharged in an hour (C-rate).

The original model assumed current was identical during charging, so to include degradation
from charging, I took the mean of charging and discharging degradation on each day, assuming
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the same amount of charge throughput for each. Figure 11 shows capacity loss over time for a
range of battery sizes, assuming a fleet size of 7,000 taxis serving February demand.

Note that this model assumes degradation proceeds linearly with charge throughput throughout
the battery’s lifetime. Other studies have found that, depending on the charge rate, battery
capacity begins to fall off exponentially after reaching a tipping point.!?® In my sensitivity
analysis, I explored the impact of both eliminating battery degradation from the cost model, as
well as accounting for non-linear degradation. I found that non-linear degradation becomes
significant at higher charging powers, but does not significantly change my main results.

Instead of choosing an arbitrary interval at which to replace the batteries, I assumed that batteries
would be replaced when the fleet could no longer satisfy constraints placed on maximum wait
time, in this case 10 minutes. Because larger fleets need less battery capacity to satisfy demand,
this assumption means that the fleet operator must add vehicles to increase battery lifespan,
creating a trade-off between vehicle purchase cost and battery replacement costs. Taking results
from the fleet sizing model, I used exponential fits to interpolate the minimum required fleet size
at any battery range. I then swept through a range of fleet sizes to find the least-cost combination
of fleet size and battery replacement rate; as shown in Figure 12, there is a simple convex
relationship between fleet size and cost with a global minimum. As shown in Figure 13, as
battery range increases, the least-cost fleet size approaches the minimum number of vehicles
required to serve demand, while the lifespan of the battery and the amount of range remaining at
the end of the battery’s life increase.
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Figure 11. Loss of battery capacity over time for various battery ranges, assuming that each taxi drives 128 mi. per
day (approximately the distance driven by each taxi in a fleet of 7,000).
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Figure 12. Net present value of the taxi fleet by number of vehicles and battery range. Decreasing the number of
taxis increases the distance traveled by each vehicle, and reduces the lifespan of both vehicles and the battery. If no
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continuously to meet demand. This situation creates a tradeoff between vehicle purchase, vehicle lifespan, and
battery lifespan, such that each battery range leads to a distinct optimal fleet size.
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Figure 13. Change in battery replacement time, the final capacity, and the optimal number of buffer taxis as battery
range increases.

1.2.6  Greenhouse gas emissions model

In order to estimate the environmental and energy impacts of my simulated fleets, I calculated
the life-cycle production of greenhouse gas emissions, air pollution, and energy. Components of
each of these calculations are shown in Table 5, and Table 6 provides a more detailed breakdown
of the components that went into the air pollution calculation.
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Table 5. Summary of emissions model components

Component Value Sources
(tons COz-eq)

BEV battery production 0.11/kWh 130

ICEV vehicle production 5.2/vehicle 129

Electricity consumption 0.280/MWh Carbon intensity of electricity
consumed in New York City in 2015

(131)

Life-cycle impact is comparable to
that of refueling infrastructure for
ICEVs, so net impact is negligible

(133)

BEYV charging infrastructure
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Table 6. Air pollution emissions data

vVOC Cco NOx PM2.5 SO: Source
ICEV tailpipe (g/mi) 0.2 2.9 0.1 0.0 0.0 e
ICEV upstream (g/mi) 0.1 0.1 0.2 0.0 0.1 134
ICEV manufacture (kg) 34.2 23.8 9.7 2.3 24.7 e
BEV manufacture (kg) 34.0 24.1 9.4 2.2 27.9 134
BEYV battery 50.6 94.9 224.2 101.1 1025.2 Based
manufacture (g/kWh) on 13
NYC electricity (g/kWh) 0.4 0.1 0.3 0.1 0.2 131135
HEY tailpipe (g/mi) 0.1 2.9 0.1 0.0 0.0 e
HEV upstream (g/mi) 0.1 0.1 0.2 0.0 0.1 134
HEV manufacture (kg) 34.5 26.7 10.4 2.4 35.2 e

Note: NYC’s electricity mix is about 48% natural gas, 42% nuclear, 8% renewables, 1.5%
petroleum, and less than 1% coal.!3!

1.2.7 Cost model

The taxi service’s cost per mile was estimated using a model with the components summarized
in Table 7. As shown in Equation 3, where CRF represents the capital recovery factor and c¢;
represents the annual cost of the ith component in the cost model, levelized cost of service was
found by dividing total net present value (NPV) of costs by NPV of passenger miles. I used a
discount rate of 5% and a system time horizon of 20 years, assuming constant costs and demand
throughout this period. In my sensitivity analysis, I varied the cost of each of these components
to study the impact that different future cost trajectories would have on my conclusions. Note
that vehicle lifetimes were significantly shorter than the 20-year system time horizon, about 8.2
years for the cost-optimal configuration. This life-span is longer than that of current taxis
because I expect electrification and automation will result in lower maintenance requirements,
and because my simulated vehicles travel significantly fewer miles searching for passengers.

NPVeost  __ Y; Ci'CRF
NPV pites Y. passenger miles:CRF

(3)

Cost of service =

CRF = 1- 1057 125
- 0.05 7
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Table 7. Summary of cost model components

Component Value Source
Vehicle purchase $20,000/vehicle Based on *°, 1%
Vehicle lifetime 300,000 mi. Based on 3, 1%
Automation $10,000/vehicle 9 136
Battery cost $200/kWh plus 30% fleet discount 137100
Battery lifetime Rate of degradation estimated using 126 127 128
semi-empirical model (see methods section

for more details)
Charging infrastructure $700/charger/kW + $15/charger/kW/year + Based on '8, 34 100

$10000/location
Electricity consumption $0.12/kWh 2
Vehicle efficiency 0.25 kWh/mi. + 9% 117

0.0006 kWh/mi. per kWh

battery capacity ?
Parking $300/space-month ° Based on 1%, 141
Insurance $600/vehicle-year + $0.05/mi. 142 96 103
Maintenance $0.04/mi. 143 34
Administrative overhead $2.50/vehicle-day Based on '3, 3

a) When calculating the cost of electricity, I corrected vehicle efficiency for the additional weight of the battery.
b) Although I recognize that it is unclear who will pay for SAEV parking, I included the total cost to society of
providing parking so that I could compare the total cost of various fleet configurations. It was assumed that the

operator would need to buy a parking space to store all idle vehicles at the point of lowest demand, or about 90% of

the total fleet size.
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1.3.  Results and Discussion

1.3.1 Fleet-sizing simulation results

As shown in Figure 14, I found that the minimum fleet size required to serve all trips within 10
minutes of requests decreases asymptotically with increasing battery range and number of
chargers, ultimately falling to 6,470 vehicles at battery ranges of 70 mi. and greater. This
minimum fleet size requires at least 2,000 chargers rated at 7 kW (88 chargers per square mile,
or one for every 3.2 vehicles), but adding more chargers beyond this point has diminishing
returns, especially at higher battery ranges. Increasing the number of charging locations has a
much smaller effect than increasing battery range or number of chargers; this effect becomes
negligible once battery range exceeds 50 mi.
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Charging locations

30000 A 100
A 500

g —=— 1000
=
o
o \ i .
@ 20000 Number of charging stations
N
N 0
@
AL
L

3000
2000

1000

10000 4

Minimum fleet size: 6,470 taxis
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Battery range (mi)
Figure 14. Required fleet size by battery range and charging network. Lines represent exponential fits for simulation
results, which were collected at 10-mi. intervals in battery range.

In multi-day simulations, I obtained similar results to those displayed above, with a slightly
higher minimum fleet size of 6,510 vehicles, and at least 2,000 Level 2 chargers. I also found
that higher charging speeds can reduce both the number of chargers and the battery range
required to reach the lower limit of required fleet size. Increasing charging power to 11 kW
reduced the battery range required to 50 mi and the number of chargers to 1,000 (44 per square
mile, or one for every 6.5 vehicles), and increasing to Level 3 charging (50 kW) allowed fleets
with around 6,500 vehicles and over 80-mi. battery range to meet demand with only 200
chargers (9 per square mile, or one for every 32.5 vehicles).

These results suggest that the main challenge to introducing SAEV fleets is not battery range—

currently available models like the Nissan Leaf more than suffice for meeting demand in
Manhattan. The greater challenge may be building out sufficient charging infrastructure. In
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contrast with the scenarios of thousands of chargers considered above, according to the charger
database ChargePoint, there are currently only 456 chargers in Manhattan, including many
proprietary stations only accessible by Tesla owners. 44

1.3.2  Cost model results

Given the results of the fleet-sizing simulation, I can see that there are several trade-offs between
different fleet parameters. Increasing battery range, charging speed, and the density of chargers
can decrease the number of vehicles required, but also increases other costs. For example, Level
3 chargers reduce the number of chargers required, but cost on the order of ten times as much as
Level 2 chargers!3®, and also increase battery degradation. As shown in Figure 15, taking all
these trade-offs into account, I identify a lowest-cost configuration at a battery range of 90 mi.,
1,500 chargers, and a charging power of 11 kW, with an estimated cost of service of $0.42 per
revenue-mile. As shown in Figure 16, when paired with the appropriate charging infrastructure,
all battery ranges between 30 mi. and 150 mi. result in costs of less than $0.45/mi. As battery
range increases beyond the point at which fleet size reaches a plateau, cost continues to fall
briefly because batteries can degrade further before being replaced. After battery range surpasses
90 miles, however, the cost of battery purchase becomes the dominant factor, and overall cost
begins to rise again.

While these costs may seem optimistic, it should be noted that they do not include cost
reductions from improvements in battery technology or charging agreements, improvements in
BEV efficiency, right-sizing (see below for details), dynamic ride-sharing,'* bulk purchasing
contracts, or optimal trip assignment algorithms, and so could be considered conservative. These
cost estimates are also consistent with Burns et al.’s finding that a fleet of conventional SAVs
could replace Yellow Cab trips on Manhattan with a cost of $0.50/mi.,'? as well as Chen et al.’s
estimate that an SAEV fleet could serve taxi demand in Austin, Texas at a cost of $0.40-
$0.50/mi.*
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Figure 15. Estimated cost per mile of simulated taxi fleets with a given charging network and battery range.

Numbers represent the number of chargers that returned the least cost for each combination of battery range and
charging speed.
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Figure 16. Breakdown of cost of service by component. The outlined column, representing results for a fleet with

90-mi. battery range, represents the lowest-cost configuration. Numbers represent the lowest-cost charging power
(top), and number of chargers (bottom) for each battery range.

32



Looking at the breakdown of cost by component, I find that the cost of vehicle purchase varies
only slightly with battery range, despite a large difference in the number of vehicles required.
This result arises from the assumption that vehicle lifespan is based on distance traveled (taxis
are replaced after 300,000 miles), rather than being based on a fixed amount of time. Because
each additional taxi added to the fleet reduces the average daily distance traveled by all taxis,
each new taxi extends the lifespan of the fleet as a whole, such that the net present cost of each
additional taxi purchase of only about $10,000. If taxis were instead replaced on a fixed-time
schedule, my results would become more sensitive to fleet size. At the same time, each
additional taxi has associated costs: insurance (estimated at $600/vehicle/year plus mileage),
administrative overhead ($2.50/vehicle-day), and parking ($300/vehicle-month). Together, these
costs add close to $60,000 of NPV per vehicle, shifting the overall cost structure in favor of the
smallest possible fleet size.

1.3.3  Comparison with conventional taxi fleets

Comparison with a hypothetical fleet of conventional vehicles reveals that, unless both fuel
prices and conventional vehicle purchase prices fall dramatically, a battery electric vehicle fleet
will be cheaper. Simulation results show a minimum fleet size of 6,469 conventional vehicles,
slightly less than the lowest result for a fleet of battery electric vehicles. The lack of relocation to
chargers also reduces the total distance traveled by 1.4%. To determine the cost of service of this
hypothetical fleet, | used a similar cost model to that for electric vehicles but with a maintenance
cost of $0.06/mi and no costs for electricity, batteries, or charging infrastructure. As shown in
Figure 17, I then calculated the cost for a range of combinations of vehicle cost and fuel cost and
compared them with estimates for four commercially available models: Toyota Prius, Chevrolet
Volt, Smart Fortwo, and Toyota Corolla. As with the electric vehicles in my earlier analysis, [
added $10,000 to the purchase price to account for the cost of automation. In each case, even
when using the cheapest model configuration and the cheapest U.S. gasoline price ($2.15 in
June, 2017), all four of these models would cost significantly more than a comparable fleet of
electric vehicles. Using mean values, the cost increase ranges from $0.05/mi. for the Prius to
$0.08/mi. for the Volt.

Relative to the current cost of Manhattan taxis—median fare was $5.42/mi. in August, 2015'4—
our estimated cost for the operation of an SAEV fleet represents roughly an order of magnitude
reduction (assuming about 10% profit margin). Aside from savings due to electrification, the
elimination of driver labor reduces cost by roughly $1.30/mi,** with the remainder of the savings
coming from the increased efficiency of a single-operator, smartphone-based system (fleet size is
reduced by half), and the lack of medallion fees.
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Figure 17. Comparison of estimated fleet costs for four different models of conventional vehicles. Ellipses represent
ranges in manufacturer suggested retail prices and gas prices across the U.S. in June, 2017.

Using data cited elsewhere,'?*-13% T can also project the energy, GHG and air pollution emission
savings that would result from taxi fleet electrification. As shown in Table 8, SAEV fleets result
in significantly lower impact in every case except for sulfur dioxide emissions, which would
increase by 10% due to high emissions from battery production with the current power grid.
Naturally, the air pollution caused by electric vehicles comes from manufacturing facilities and
power plants that tend to be located in relatively rural areas, and so will likely result in much
lower health impacts than emissions from ICEVs.!4%147 Meanwhile, NYC plans to reduce the
carbon intensity of its electricity mix by half by 2030,'*® which would further reduce the GHG
emissions of electric vehicle fleets by a third, and substantially reduce air pollution as well.
Serving the same trips with personal electric vehicles driven 15,000 miles per year and 300 miles
of battery range would lead to 74,000 tons CO»-eq per year, meaning that replacing personal
vehicles with short-range SAEVs could reduce GHG emissions by more than half. Table 9 and
Table 10 show more detailed results.
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Table 8. Comparison of energy, GHG, and air pollution emissions

tons/yr, unless noted otherwise BEV ICEV HEV
(BEV % savings) (BEV % savings)
Energy (GWh/yr) 205 460 (55) 280 (27)
GHG (ktCOz-eq/yr) 33 122 (73) 76 (57)
Carbon monoxide 43 932 (95) 922 (95)
Nitrogen oxides 40 101 (60) 96 (58)
Particulate matter 11 20 (45) 20 (45)
Volatile organic compounds 70 132 (47) 104 (33)
Sulfur dioxide 78 71 (-10) 70 (-11)
Table 9. Fleet air pollution emissions results
Type of Pollutant Total Vehicle Battery Fuel/ Percent reduction
vehicle emissions manufacture (kg/yr) electricity from electrification
(kg/yr) (kg/yr)
ICEV VOC 131688 40557 — 91131 46.7%
HEV vOC 103605 40826 — 62779 32.3%
BEV VOC 70141 40725 1578 27838 —
ICEV CO 931841 28223 — 903619 95.4%
HEV CO 921788 31670 — 890118 95.3%
BEV CO 42902 28856 2961 11084 —
ICEV NOx 101254 11472 — 89781 60.2%
HEV NOx 95986 12280 — 83706 58.0%
BEV NOx 40275 11270 6990 22014 —
ICEV PM2.5 19758 2747 — 17011 44.8%
HEV PM2.5 19866 2855 — 17011 45.1%
BEV PM2.5 10904 2613 3153 5137 —
ICEV SOz 71288 29300 — 41988 -9.2%
HEV SOz 69905 41688 — 28217 -11.4%
BEV SOz 77860 33375 31971 12514 —

35



Note: Air pollution emissions from BEVs are essentially flat with respect to battery range
because as battery size increases, increased emissions from production are offset by increased
lifespan in the baseline battery degradation model.

Table 10. Fleet energy consumption.

BEV ICEV HEV Sources
Vehicle energy consumption (kWh/mi) 0.25 1.2 0.72 LR
Production efficiency (%) 43 80 80 150,151
Energy intensity (kWh/mi) 0.58 1.5 0.9
Usage energy consumption (GWh/yr) 184 449 270
Vehicle manufacturing (GWh/yr) 13 10 10
Battery manufacturing (GWh/yr) 7.8
Total consumption (GWh/yr) 205 460 280
Energy savings from electrification (%) 55 27

Note: Production efficiency calculation for BEV fleet based on NYC generation mix.

1.3.4  Sensitivity analysis

To test the robustness of my results, I performed a variety of sensitivity analyses. First, I ran a
subset of my simulations for a full 10 days, and found that this increases the minimum required
fleet size from 6,500 to 7,000, as well as increasing the lowest-cost battery range by 10 miles.
This result suggests that as demand increases, if the taxi operator wishes to maintain the same
level of service, costs must rise, and battery range may need to increase moderately. Of course, if
taxi fares were to actually fall by an order of magnitude as predicted here, demand might shift
dramatically, and so I do not expect that these results more accurately represent reality than those
based on a single day of data.

Second, I conducted simulations with naive relocation algorithms to test the impact of my
assumption regarding perfect foresight. If taxis do not relocate until they are assigned a trip, I
found that the number of taxis required increased to more than 10,000, and cost of service
increased to around $0.50/mi., but fleet size became less sensitive to battery range so that the
lowest-cost battery range at 7-kW charging decreased from 110 mi. to 70 mi. The effect of
assuming taxis cannot predict when they should relocate to charge is the opposite: overall cost
does not increase significantly, but battery range becomes more critical, with a lowest-cost
battery range of 140 mi. Thus, any errors in my assumptions regarding the two relocation
algorithms have counterbalancing effects, suggesting that my results are robust to inaccuracies in
my relocation assumptions. Given that the taxi operator has information on the location and state
of charge of all taxis at any point in time, most likely charging availability will be easier to
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predict than trip demand. In turn, this means that my result for battery range represents an upper
bound, while that for cost of service represents a lower bound.

Next, I tested the effect of restricting chargers to a few locations, using the algorithm described
in the methods section. Given the challenges of obtaining permits and property, SAEV charging
might take place primarily in a few discrete parking garages that each have a large number of
chargers. However, I found that with an efficient charging algorithm, results for fleet size and
battery range do not change appreciably until the number of locations falls below 50. Given that
there are already charging stations at over 100 locations in Manhattan,'** I expect the impact of
constraints on charging locations to be minimal.

Finally, as summarized in Table 11, I tested the sensitivity of my results to a variety of changes
in cost components, including cost of parking, vehicles, batteries, and electricity. These
scenarios result in cost of service estimates ranging from $0.29/mi. to $0.61/mi. and a lowest-
cost battery range of 50 - 90 mi. This result contrasts with current trends in electric vehicle
development to expand battery range until it equals the travel range of ICEVs, i.e., more than
300 mi. My study shows that battery range will not be the main obstacle for SAEV fleets.
Currently available ranges more than suffice, and significant cost savings could result from
reducing battery range from current levels.
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Table 11. Summary of results of cost model sensitivity analyses

Scenario Explanation Changes to cost model ~Minimum cost Lowest-cost
of service fleet
($/mi.) configuration
Baseline See methodology section None $0.423 90 mi. battery
1500 chargers
11 kW
Dynamic Power utility bases electricity | Electricity: $0.427 90 mi. battery
electricity rates on time of use to reduce | $0.17/kWh on-peak 1500 chargers
rates peak system load. $0.11/kWh off-peak'*® 11 kW
No change in charging
patterns
Cheap Cost of batteries falls quickly, = Vehicle: $0.608 90 mi. battery
batteries, but automation costs are more  $50,000 with 1500 chargers
expensive than expected. automation 11 kW
vehicles 200,000 mi. lifespan
Battery:
$100/kWh to buy
$50/kWh to sell
Cheap Effective battery capacity is Vehicle: $0.294 70 mi. battery
vehicles, reduced by cold weather and | $17,500 with 1000 chargers
expensive aggressive driving, but vehicle | automation 22 kW
batteries cost is reduced by right-sizing | 50% reduction in
and cheap automation. parking and insurance
Battery:
$250/kWh to buy
$0 to sell
No battery Battery technology improves = Batteries replaced $0.419 50 mi. battery
degradation so that degradation becomes = when vehicles reach 1500 chargers
negligible 300,000 mi. (no 11 kW
battery resale value)
Nonlinear Batteries degrade non-linearly Loss > 0.4 1 yarge $0.428 70 mi. battery
battery after reaching cut-off 128 om>RAT T 1500 chargers
degradation Loss,,,, « Ah’ 11 kW
No parking Society bears the cost of No parking costs $0.339 90 mi. battery
costs parking, providing it for free to 1500 chargers
the taxi operator 11 kW
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The following sections provide more details on the sensitivity analyses. Unless specified
otherwise, all of the following simulations were performed with a charging network of 4,000 7-
kW chargers distributed across 1,000 locations.

a) Variable taxi demand

To test the impact of changing demand, I also ran a subset of simulations for a full 10 days (see
Figure 18 and Figure 20). Similar to the single-day results, the results of the one-week
simulations showed diminishing returns to increasing the number of chargers beyond 2,000.
Adding more charging nodes allows the fleet to reach minimum size with a range of 10 miles
less, while requiring the fleet to meet weekend demand increases this benchmark by 10 miles,
and also increases the minimum fleet size by about 500 taxis, from 6,500 to 7,000. On the other
hand, decreasing the number of chargers below 2,000 had a much larger effect in the one-week
simulation, since the fleet cannot keep up with demand day after day unless it has adequate
charging. With 1,500 chargers, fleet size does not plateau until battery range reaches 120 miles,
while with only 1,000 chargers, fleet size is twice as large even with a battery range of 140
miles. I also ran 1-week simulations using data from August 7-14, 2015, and found that the lower
level of demand results in a required fleet size of only about 6,000 taxis, but the impact of
charging stations and battery range is similar. Finally, as shown in Figure 19, I ran a single-day
simulation with 80 miles of battery range and 1500 11kW chargers on every day of January,
when demand is greatest. On no day did fleet size surpass 7,500, and on most days it fell below
5,000.
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Figure 18. Evolution of the taxi fleet over the course of the 10-day simulation, at varying battery range (4,000
chargers at 7 kW).
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Figure 19. Fleet size required to serve demand with 80 miles of battery range and 1500 11kW chargers on each day
of the month of January, 2015.

However, it would not be profitable for the fleet operator to size the fleet such that it can serve
all trips within 10 minutes even on days with highest demand. For example, on weekend nights
customers would likely be willing to wait somewhat longer than during weekday commutes. If I
relax the requirement that all trips be served within 10 minutes, I find that a smaller fleet
designed for weekday peak demand can also serve demand on weekends with a reasonable level
of service. As shown in Table 12, using a fixed fleet of 6,571 vehicles, i.e. the fleet generated
with 80 mile battery range and 1500 chargers at 11kW, I find that even on Saturdays with high
demand, mean wait time is still less than 7 minutes, and less than 10% of all trips must wait
longer than 10 minutes.
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Table 12. Distribution of wait times from fixed fleet simulations

Percentage of total trips

Wait times Sunday Monday  Tuesday Wednesday Thursday Friday  Saturday

(min)
0 52 53 54 54 52 50 45
1 \ 8 \ 8 \ 7 \ 7 \ 8 \ 9 \ 11
2 6 4 4 5 5
3 \ 11 \ 10 \ 10 \ 10 \ 10 \ 10 \ 9
4 9 9 8 8 8 8 8
5 \ 5 \ 4 \ 4 \ 4 \ 4 \ 4 \ 5
6 2 2 2 2 2 2 3
7 \ 2 \ 2 \ 2 \ 2 \ 2 \ 2 \ 2
8 1 1 1 1 1 1 1
9 \ 1 \ 1 \ 1 \ 1 \ 1 \ 1 \ 1
10 4 6 6 5 5 3 3
>10 \ 0 \ 0 \ 0 \ 1 \ 3 \ 4 \ 8
Mean (min) 2.0 2.1 4.9 3.9 6.0 3.6 6.5
20000 5
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Figure 20. Comparison of the number of taxis required to serve demand by battery range and charging
configuration. Dashed lines represent results from 1-day simulation runs, while solid lines represent results after a
full week. Note that week-long simulations with 1,000 chargers never converged to the minimum fleet size. All
simulations assume charging at 7 kW.
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b) Abundance and distribution of charging stations

As one might expect, the result of my simulation is contingent on having adequate access to
charging. As implied by Figure 20, at 7 kW charging power, reducing the number of chargers
from 4,000 to 2,000 increases the lowest-cost battery range by 10 miles. With only 1,500
chargers, the cost minimum shifts out at least 20 miles more, while with only 1,000, it may shift
out to larger than 200 miles.

A similar effect can be observed by restricting the number of charging locations. If the regulatory
environment does not allow for charging stations dispersed throughout Manhattan, it is possible
that fleet charging would be restricted to only a few locations, with several hundred charging
stations at each location. As shown in Figure 21, if one reduces the number of available charging
locations below 50, the required fleet size for taxis with 100-mi. range begins to increase
significantly. At less than 10 locations, the same effect spreads to a simulated fleet with 125mi-
range.
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Figure 21. Simulation results with severe restrictions on the number of charging locations shows that such a
situation may favor longer battery range (assuming charging at 7 kW).

In turn, these restrictions on charging will result in a higher system-wide cost. In addition to
higher battery costs, concentrating charging stations at a few locations could result in much
greater costs for electricity and charging infrastructure. This restrictive distribution would require
massive charging garages with several hundred charging stations each, with power demands on
the order of a few megawatts. Few such charging centers currently exist, but [ know that this
power demand is about the same as a large office building, which typically require custom-
designed transformers, along with a full-time team of electrical engineers for maintenance (P.
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Phanivong, pers. commun., 2017). Such charging centers will be difficult to convert from
existing garages, and so will require either greenfield space (essentially non-existent in dense
city centers like Manhattan), or demolition of existing structures, followed by construction from
the ground up.

¢) Relocation algorithms

I considered the possibility that my assumption of perfect demand prediction is too optimistic.
To test the impact of this assumption, I conducted simulations with various battery sizes both
with and without predictive relocation, and determined that my assumption does not significantly
bias my results. In simulations without foresight, taxis never move unless they are the best taxi to
serve a trip and can drive to the pickup location within 10 minutes. As shown in Figure 22,
excluding relocation significantly increases the number of taxis needed to serve all trips, but the
change is largely uniform across battery sizes. Meanwhile, because relocations requiring
foresight are relatively rare events, representing less than 10% of all taxi relocations, eliminating
prediction only decreases the total distance traveled by each taxi by 1-2 miles per day. Due to
Manhattan’s high density, over half of trips were served by taxis at the same point (requiring no
relocation), while over 90% were served by taxis less than a mile away.

The results for simulations without demand foresight predict a lowest-cost battery range of
around 80 miles, so it is possible that my model overestimates range requirements. However, I
also looked into the effect of removing all foresight in relocation to charging stations
(represented by the purple and blue lines in Figure 22), and found the opposite effect. If taxis
only move to charging stations after the stations become available, and never take into account
whether or not there is enough time to make it worth the trip, the lowest-cost battery range shifts
out to closer to 150 miles, with similar cost per mile to that when charging foresight is included.
These opposing results suggest that inaccuracies in my assumptions to some extent will cancel
each other out, such that true fleet activity may be closer to that predicted by my model.
Removing demand foresight does increase the cost of providing service by about 15%, so it is
possible that I have slightly underestimated the cost per mile. However, all of the costs included
in my model will likely continue to fall in the future, counteracting this error. Furthermore, as
machine learning and artificial intelligence (Al) continue to improve, demand forecasting will
become more and more accurate. By the time the first commercial SAEV fleet picks up its first
ride, with the combined computing power of several thousand automated vehicles, the difference
between perfect foresight and that obtained by an efficient Al algorithm may become negligible.
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Figure 22. Results of simulations for battery ranges between 10 and 250 miles, varying relocation strategies and
time horizon. Data labels show the estimated cost of the taxi service, in cents per mile.

To further test my relocation algorithm, I developed a more rigorous model that determines when
idle vehicles should relocate to charge or serve trip demand using trip data from the week before.
In each minute, after completing trip assignment, the model runs forward in time, using trip data
from the week before to assign vehicles to hypothetical trips. Idle vehicles assigned to
hypothetical trips further than 10 minutes away (i.e. when no closer vehicle is available) are
ordered to begin relocating to that point. Vehicles that are predicted to remain idle for long
enough to relocate to a charger and replenish the energy expended to get there are ordered to
relocate to charge. The model continues to progress into the future in this way until any vehicle
could have made it to any hypothetical trip request. When the model progresses to the next
minute, vehicles are again assigned to trips using the real trip data from the simulated day. If
there are trip requests which no available taxi can reach within 10 minutes, relocating vehicles
that could make it to the trip within 10 minutes are allowed to be reassigned. Vehicles relocating
between two points are assumed to move at a constant rate, and the distance and time from their
current position to a new destination are calculated using the law of cosines, as shown in Figure
23.
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Figure 23. Schematic of calculation for re-assignment times and distances for relocating taxis.

As shown in Table 13, for both weekdays and weekends, regardless of battery range, this
forward-looking model with historical data (labeled “Historical’) performs almost as well as the
backward-looking model described in the methods section (labeled “Perfect”)—fleet size differs
by 11% at most, and in most cases by much less than that. Empty miles also increase slightly in
each case, but again the difference is marginal. In each case, the simulation was performed with
2000 chargers rated at 11kW distributed across 500 locations.

Table 13. Summary of results of forward-looking simulation.

Relation Date Battery range Fleet size % Fraction %
algorithm (mi.) change empty VMT change
Perfect 2/13 50 7554 0.193

Historical 2/13 50 7844 3.84 0.206 6.98
Perfect 2/14 50 8275 0.193

Historical 2/14 50 8303 0.34 0.206 6.32
Perfect 2/15 50 6913 0214

Historical 2/15 50 7272 5.19 0.226 5.65
Perfect 2/13 100 7047 0.187

Historical 2/13 100 6943 -1.48 0.202 8.18
Perfect 2/14 100 7120 0.192

Historical 2/14 100 7100 -0.28 0.204 6.28
Perfect 2/15 100 5549 0211

Historical 2/15 100 6192 11.59 0.222 5.04
Perfect 2/4 100 6553 0.203

Historical 2/4 100 6635 1.25 0.225 10.46

Finally, I also tested the effect of imposing a constraint that taxis can only charge when they fall
below 20% of full charge. As shown in Figure 24, this provides a very small benefit to fleets
with longer battery range, but adversely affects fleets with shorter battery range. Given that
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longer battery ranges will degrade over the lifetime of the fleet, such that they will behave like
shorter-range fleets at the end of battery life, I do not expect that introducing this constraint
would significantly change my results.

7600

72001 Simulation
Limited charge, 11kW
=@~ Limited charge, 50kW
=@~ Unlimited charge, 11kW
Unlimited charge, 50kW

Fleet size

6800 1
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\ ———
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Figure 24. Effect on fleet size of imposing a constraint that taxis only change when at less than 20% of full charge
(limited charge), at both 11kW and 50kW charging speeds.

d) Electricity pricing

In this study, I have assumed a flat rate for electricity, but most likely, electricity rates for
charging electric vehicles will vary based on the time of the day. Consolidated Edison Company
of New York (the electricity utility serving Manhattan) offers a time-of-day rate structure for
electric vehicle home-charging with $0.17/kWh for on-peak use (8am-10pm on weekdays), and
$0.11/kWh for off-peak use (all other times). As shown in Figure 25, simulated charging station
use peaks twice—once at night, and again in mid-day—resulting in off-peak charging of about
46%. This result is stable across a wide range of battery sizes (see Figure 26), and changes only
marginally with different charging networks, reaching 56% with 4000 charging points at 50
nodes. It is possible that a fleet with large battery range could save some money on charging by
shifting all charging activity to the middle of the night. However, compared to my simulation
with uncontrolled charging, this could only save a maximum of $0.023/kWh, or about $0.006/mi,
much of which would be offset by increased need for charging infrastructure.

It is possible that in the future, the difference between peak and off-peak electricity rates might
be much greater than this. However, most of the charging in the simulation occurs in the middle
of the day, when generation from solar energy will be greatest. Thus, this charging does not
coincide with net peak electricity demand hours, and could actually provide substantial benefits
to a grid with greater penetration of intermittent resources such as solar.

Comparing the simulated load profile with that of current New York City electricity demand
suggests that only a moderate amount of control would be required to shift taxi charging to
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partial-peak and off-peak hours. The largest peak in taxi charging occurs on weekend mornings,
after periods of peak activity on Friday and Saturday nights. Conveniently, as shown in Figure
27, this peak coincides with a period of relatively low demand in the rest of the system. The
other charging peak, at 5pm on weekdays, does coincide with system-wide peak demand, but it
quickly drops off as taxis become active during the afternoon rush hour, so it would not be too
difficult to set stricter limits on charging during this time (e.g. set a maximum state of charge
above which taxis will not charge between 4-9pm). Meanwhile, the peak power demand for
charging represents less than 1% increase in the total power demand of the system, and so should
not require any extreme system upgrades on its own.
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Figure 25. Charging load profile of simulated taxi fleets with 100mi battery range and varying charging
distributions, on both weekdays and weekends (charging power = 7 kW).
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Figure 26. Comparison of charging load profile of simulated taxi fleets by battery range (charging power = 7 kW).
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Figure 27. Comparison of simulated charging profiles with actual New York City electricity demand for different
days of the week and seasons. Note that the taxi charging profiles have been magnified 1000 times in order to show
them on the same scale as overall electricity demand (each charger rated at 7 kW).
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e) Vehicle right-sizing

It is possible that further efficiencies could be gained by varying the number of seats in each
vehicle. While I conducted the above modeling assuming all vehicles have four seats, this need
not be the case. Most taxi trips taken in Manhattan have only one or two passengers, and so
could be served more efficiently by vehicles with less than four seats. In fact, on February 4, my
base simulation day, 73% of trips had only one passenger, and an additional 12% has only two
passengers. While this topic deserves further investigation, I present some preliminary results in
Figure 28 below. I used a similar fleet sizing algorithm as above, creating a new vehicle
whenever there was a trip that could not be served within 10 minutes, but requiring that this
vehicle have the same number of seats as passengers in that trip. Each simulation was conducted
with 100 miles of battery range and 4000 chargers rated at 7kW, using a full week of data. Fleet
size ranged from roughly 7300 to 7900 vehicles, about a 500-1000 more than simulations with
only four-seater vehicles. However, the majority of these vehicles had fewer than four seats,
suggesting significant savings could be achieved by right-sizing the fleet—I estimate that the
lowest-cost fleet with 1-seat, 2-seat, and 4-seat vehicles would cost $0.40/mile, roughly 10% less
than a fleet with only four-seat vehicles. In particular, requiring that each vehicle size only serve
trips with the same number of passengers results in reducing the vehicle size of a much larger
proportion of the fleet at relatively small cost in increased fleet size (see “strict” scenarios

below).
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Figure 28. Fleet-sizing simulation results for scenarios allowing for different numbers of seats in each vehicle.
“Flex” scenarios allowed larger vehicles to serve trips with fewer passengers, while “strict” scenarios required that
four-seat vehicles serve only trips with at least three passengers. The numbers on each scenario represent the
alternatives for vehicles allowed in the fleet, e.g. “124” scenarios represent fleets with one-, two-, and four-seat
vehicles. The number shown at the top of each bar shows results for cost of service.
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1.3.5 Limitations and directions for future research

The first limitation to my results arises from my assumption of exogenous demand—if costs fall
as dramatically as projected in this analysis, demand for taxis will likely skyrocket. More
research is needed to study the optimal vehicle parameters for a fleet serving the majority of all
Manhattan trips, as well as those to and from the outlying boroughs. If SAEVs begin to replace
other modes of travel, empty miles may lead to increased congestion, which also deserves further
study.

Furthermore, my results apply only to the densest area in the U.S., and it is difficult to generalize
my conclusions to other areas. Another next step will be to ask: what is the impact of changing
the geography of the network in which the fleet operates? It will be interesting to apply my
model to other cities (particularly those of lower density) and compare results.

Accounting for higher demand and less dense geography would both likely require larger fleets,
and so operating these fleets could cost more than I have estimated in this study. On the other
hand, I did not consider the possibility of a heterogeneous fleet, in which some chargers have
higher speeds than others, and some taxis have more or less battery capacity, or different
numbers of seats. Because the average occupancy of NYC taxi trips is less than two people,*? if
there is no need to provide space for a driver, then most shared vehicles need have no more than
two seats. Given that these vehicles will be smaller and rarely get into collisions,'*® they might
also enable significant reductions in weight, leading to substantial reductions in energy
consumption, cost and GHG emissions 7.

I also have not considered issues of equity in this study, which deserve further analysis in future
research. My simulated fleet can only serve customers with smartphones, and fleet rebalancing
based on demand forecasting could lead to worse service in low income neighborhoods.
However, these issues already exist with services like Uber and Lyft, and smartphone ownership
is approaching ubiquity in urban areas,'>? such that my simulation can still provide useful
insights as to the future of shared mobility.
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1.3.6 National fleet model

The low cost of automated shared fleets leads to the question, what would happen if such fleets
served all light-duty vehicle mobility in the US? Working with researchers at Lawrence Berkeley
National Laboratory, Emerging Futures, LLC, and University of California, Davis, I helped
developed a convex optimization program to identify the number of vehicles, infrastructure, and
battery range required to serve mobility demand nationwide. This optimization program included
a number of parameters that needed to be verified with agent-based simulation modeling,
including:

e charger distribution factor: ratio between the peak charging occupancy and the total
number of chargers required.

o fleet size correction factor: correction to account for the fact that it might not be feasible
to utilize all vehicles during periods of peak demand.

e trip deadheading factor: ratio between trip duration and distance and total driving,
including relocation to pick-up locations.

e charging deadheading factor: correction to account for time and energy spent
relocating to charge, resulting in lower effective charging speed and higher energy
consumption.

Whereas the Manhattan study relied on travel times and distances downloaded from Google
Maps API, issues with computational complexity and data availability arising from simulating
entire metro areas required estimating times and distances as distributions between zones.
Building on the simulation work in Manhattan, I ran the simulation on a set of 11 diverse cities
around the country, leveraging GPS and cell phone data from StreetLight Data, a company that
aggregates data from cell phones and GPS devices to produce transportation metrics like travel
times and volumes.

First, I obtained shapefiles from the Census Bureau website with census tracts for a series of
combined statistical areas. I then uploaded these shapefiles to the StreetLight Data portal, and
obtained two types of data. "Trip attributes" files contained distances, times and speeds between
each pair of census tracts. Data was only provided for zone pairs with a significant number of
trips, as determined by StreetLight Data. "Trip Counts" data contained the volume of trips
between each census tract origin and every traffic analysis zone (TAZ) with a significant
volume, again as determined by StreetLight. The data also contained significant trip counts
between each origin TAZ and destination census tract.

Since Streetlight trip attributes were binned into larger intervals (e.g. percent trips with durations
between 10-20 minutes, or 5-10 miles), the first processing step was to interpolate distributions
with increased resolution, binning distributions by 1 min, 0.1 mi, and 1 mile per hour for trip
duration, distance, and speed, respectively. To interpolate missing values, I found the average
distributions from the three nearest zones, along with data from the nearest zones in the hour
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before and after. This process was repeated iteratively until over 99% of all O-D pairs had data in
all hours for all three attributes.

While this interpolation process introduces a source of error into my model, I consider it
acceptable for two reasons: all trip data between census tracts comes from zone pairs with actual
data, and as discussed above, I found that modifying trip relocation times by distributions with
mean zero did not significantly change my results. Trip counts data was binned by hour, so |
again interpolated the data to estimate the number of trips starting in each minute.

These pre-processing steps resulted in trip counts for each origin-destination pair by minute, and
distributions of duration, distance, and speed for each origin-destination pair by hour. I then used
this data as inputs for RISE simulations similar to those conducted in Manhattan.

The model proceeds chronologically over one day of data, repeating until the fleet’s aggregate
battery capacity at the end of the day is within 5% of that at the beginning of the day. In each
minute, trips are assigned to the nearest vehicle, and idle vehicles are routed to charge or
rebalanced in anticipation of future demand. Travel times and distances between each taxi and
trip or charging point are imputed by drawing random values from the corresponding distribution
obtained from StreetLight Data. To ensure a reasonable relationship between time, distance, and
speed for each trip, distances are re-sorted in order to best match the relationship between draws
for duration and speed. If a trip can only be served by a vehicle with insufficient battery capacity,
the vehicle’s range is increased by 50-mi increments until capacity is adequate. If no vehicle can
serve a trip within a 10-min wait time, a new vehicle is added to the fleet. Thus, both battery
range and fleet size increase organically over the course of the simulation, providing estimates of
the minimum values required to serve demand. Vehicles serving trips that end outside the CSA
are removed from the fleet; trips starting outside the CSA are served by new vehicles that are
then added to the fleet.

To validate the accuracy of describing relocation times and distances with distributions instead
of Google Maps predictions as in the original work, I compared results in New York City using
the same input parameters. I found that using at least one zone per 100,000 inhabitants was
sufficient to obtain similar results to those obtained with the previous method. I also tested the
sensitivity of the results to the number of zones in Dallas, and found that using zones six times as
large as TAZs returned similar results.

Finally, to test the sensitivity of results to correlation between distribution draws made for the
same vehicle, I divided each zone into 100 parts, and randomly assigned each trip pick-up and
drop-off and each charging station a grid cell within its corresponding zone; the relative
Euclidean distance between grid cells in two zones was used to weight the probability
distributions described above (i.e. cells relatively closer to each other were more likely to receive
draws from the lower end of distance and travel time distributions, and vice versa). I found that
this addition to the model increased deadheading predictions by less than 10%, but I retained it
for the final simulation runs to be conservative.
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Simulations were conducted for each city with 20k, 40k, 100k, 200k, 400k, and 800k trips, and
with both 15kW and 50kW charging power. Locations of chargers were determined by k-means
clustering of trip origins and destinations, which was determined to work as effectively as the
siting algorithm described above. Simulations were then run with sufficient chargers to recharge
the fleet assuming 25% empty miles and 50% charger utilization, then again assuming 100%
charger utilization. In each case, every charger was occupied during peak charging times, so |
concluded that a charger distribution factor of 1 would be sufficient.

While the simulation ran, I recorded the empty distance and time traveled to each passenger
pick-up and charging event to determine the average ratios of empty-to-trip ratios for each city.
These simulations allowed me to estimate the relationship between urban form and a variety of
fleet parameters, including the empty distance to trips and charging stations. As shown in Figure
29, I found that deadheading ratios increase roughly with the square root of area per trip. To
develop correction factors for estimated fleet size and battery ranges, I also compared results
from GEM and RISE using the same inputs. Using ordinary least squares regression techniques, |
extrapolated these ratios to all other CSAs and urbanized areas in the country based on
population and area. Finally, I took population-weighted means to extrapolate from cities to
determine the average deadheading ratios for rural and urban areas in each census division.

Interestingly, if fleets serve all driving demand, I found these correction factors to have
consistently low values (e.g. empty miles represent 10% of revenue miles) in most areas of the
U.S. These values were then used as correction factors to refine a convex optimization program
to model the operations of the fleet on the national scale, based on data from the 2017 National
Household Travel Survey (NHTS). Somewhat surprisingly, we found that when we allowed for
heterogeneous battery range and charging speeds, average requirements did not increase
dramatically from the Manhattan case, resulting in very low cost of service. This work was
published in Transportation Research Record in January 2019,'>* and the final results integrated
with a grid dispatch model are currently under review.
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Figure 29. Relationships between area per trip and deadheading ratios for distance and time to trips in all simulated
cities (top), along with actual versus predicted values from non-linear regression.
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Chapter 2:

Electrifying urban ridesourcing/transportation network company
(TNC) fleets at no added cost through efficient use of charging
infrastructure

2.1. Introduction

The results described in the previous chapter imply that BEV fleets can serve demand at lower
cost than gasoline vehicles. While the focus was on automated vehicles, many of the same
advantages and modeling assumptions apply to human-driven vehicles as well, which leads to
the question, why aren’t fleets already electrifying?

In this chapter, I focus on the electrification of human-driven vehicles in ridesourcing services,
or Transportation Network Companies (TNCs). I use data on ridesourcing trips and vehicle
supply in San Francisco (SF) and New York City (NYC) to test the feasibility of meeting
demand with supply given a variety of different input values, including for battery range and
charging infrastructure. I show that (1) modest additions of public fast-charging infrastructure
make urban ridesourcing electrification practical under a range of vehicle battery capacities and
operating strategies, and (2) the current economics of urban ridesourcing can support vehicle
electrification and the required charging infrastructure at total costs lower than the costs of the
ICEV-based ridesourcing system. In addition, the increased utilization of charging infrastructure
due to ridesourcing BEVs could reduce public charging costs for all BEV users and further
support large-scale transportation electrification. Therefore, electrifying the urban ridesourcing
sector could be a cost-effective approach to reducing transportation-related greenhouse gas
emissions and urban air pollution, and properly designed policies could realize these benefits
with little or no cost burdens to governments, transportation network companies, or ridesourcing
drivers.

This chapter will proceed as follows. In section 2, I use fleet-wide average statistics to motivate
my hypothesis that BEVs employed in ridesourcing fleets have sufficient time to charge, and that
given reasonable levels of charger utilization, infrastructure cost becomes affordable. In section
3, I present the methods used to conduct agent-based simulations to verify this hypothesis, results
of which are presented in section 4. In section 5, I conclude with policy implications and
directions for future research.

2.2.  Theory

Contrary to common perception, simple economic reasoning suggests that ridesourcing drivers
have adequate time to charge during their shifts, and that—given sufficient utilization—fast-
charging infrastructure could pay for itself. As previous studies have noted,'>* the short rider wait
times that are key to ridesourcing’s value proposition are predicated on having a significant
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number of drivers waiting for ride requests at any given time. This idle time represents time
when drivers could charge BEVs without losing revenue. As shown in Equation 4, the amount of
idle time for drivers () can be expressed as a relation between driver wage rate (w), the ratio
of empty miles to passenger miles (deadheading ratio, ») and the rate that could be earned by
serving trips continuously (f) multiplied by the time period (%), minus average refueling time

(Fier)-
tidle = tor * (1 —W/f * (1+7)) — tuel (4)

For instance, in NYC, a Uber riders’ fare is determined as the sum of a fixed $2.55 per trip base
charge, a $1.75 per mile charge and $0.35 per minute charge, with 75% of this total accruing to
the driver and the remaining 25% to Uber.!>*> Given an average speed of roughly 12 miles per
hour and an average trip distance of 3 miles,'#’ a driver carrying passengers for a full hour would
serve 4 trips, earning $39.15 (f). Assuming gross driver earnings (w) average $24 per hour,'>*15¢
and a deadheading ratio (empty miles divided by passenger miles) of 0.25,'37 I can estimate that
drivers in NYC are moving for roughly 46 minutes out of the hour, and have roughly 14 minutes
in which to recharge the 9.2 miles they traveled. As shown in Figure 30, a 50-kW charger can
provide this amount of charge in roughly 3 minutes, suggesting that drivers have more than
enough time to charge during their shift. Based on these assumptions, the average driver would
have to charge less than once per shift, such that time spent relocating to charge is negligible.

On the other hand, data suggests that, in the U.S., public charging infrastructure is utilized less
than 10% of the time,'3%!% which often makes DC fast charging more expensive than gasoline
on a per-mile-driven basis. As shown in Figure 31, once utilization surpasses about 15%
(roughly 3.5 hours per day), the combined cost of infrastructure and electricity becomes less than
the equivalent cost of gasoline in both NYC and San Francisco (SF), and operational savings
start to accrue. This suggests that the cost of charging infrastructure is highly sensitive to
utilization.

These calculations suggest that neither the time required to charge nor the cost of infrastructure
should pose significant barriers to ridesourcing electrification. This conclusion is based on
several major assumptions: that charging in between trips does not affect the ability to serve
demand for rides, that time spent relocating to charge is not significant, and that charger
utilization greater than 3.5 hours per day is feasible when accounting for relocation time and
queuing at stations.
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Figure 30. Distribution of time spent by an average NYC ridesourcing driver, with time cost of charging for both
DC fast charging (50 kW) and Level 2 charging (22 kW or 7 kW). I assume a vehicle energy consumption of 0.28
kWh/mile, equivalent to the performance of the 2018 Chevrolet Bolt.'®® For relocating to charge, I assume one
charging session per 8-hour shift and an average relocation distance of 2.5 miles at a speed of 10 miles/hour.
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Figure 31. Relationship between the total cost of charging infrastructure (capital cost, electricity, and demand
charges) and percent utilization by time. Cost assumptions are shown in Table 15 in the methods section. Note that
the curves for S0kW and 22kW chargers appear roughly the same because capital costs scale roughly linearly with
the power rating.
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2.3.  Methods

To test the assumptions listed above, I developed an agent-based model that routes a fixed
number of active vehicles to trips, rebalances idle vehicles to match demand, and determines the
best times for vehicles to charge given a fixed number of charging points and locations. I
repeated this analysis numerous times for different combinations of the fixed input parameters
(see Table 16) to determine the minimum charging infrastructure required for BEVs to generate
at least as much revenue per shift-hour as ICEVs. I conducted this analysis with data for
ridesourcing trips in both SF and NYC, integrated with data on travel times and distances from
cell phones and GPS devices, along with driver characteristic data from government records and
existing surveys.

2.3.1 Fleet modeling

To route vehicles to trips and charging, I used a modified version of the agent-based model
originally described in chapter 2. Figure 32 shows a flow-chart of the model process. Basically,
the model heuristically relocates vehicles between trips to better serve demand and charge
opportunistically. Proceeding chronologically, the model assigns each trip to the closest available
vehicle that would have at least enough range to serve the trip, make it to the closest charging
station, and commute home. Other studies have found that such an approach to trip assignment is
equivalent to more optimal algorithms when there are enough idle vehicles '®'. When more than
one vehicle meets these criteria, the model assigns the one with the least earnings per hour to
decrease disparity in earnings between drivers. If no vehicle can serve a trip within 10 minutes, it
is allowed to be served by an idle vehicle that could have arrived at the pick-up point within 10
minutes of the request time, assuming it anticipated the demand and started driving in that
direction immediately after its last drop-off. As discussed above, this “clairvoyant” approach was
verified to be realistic through sensitivity analysis. I also ran simulations in which vehicles do
not relocate in between trips, which support my main results. In practice, there is no way to
guarantee that all trips will be served within 10 minutes of the request time; I merely use this
threshold as a basis for comparison between simulations.

If a trip request is not served within 15 minutes, it disappears and its revenue is lost. This
constraint results in less than 4% lost revenue for ICEV fleets in NYC, and no lost revenue for
ICEV fleets in SF. After trip assignment, idle vehicles are routed to charging stations using the
following heuristic approach. Vehicles only relocate if they have been idle for enough time that
they could have made it to the charging station, regained any charge lost in transit, and spent at
least 15 additional minutes charging. Charging time is also limited by the amount of time
chargers have been available, and occupied chargers are not available to accept vehicles.
Assignments are made in order of the amount of energy gained. To test the impact of this routing
algorithm, I conducted simulations with restrictions on charging (Table 16). The fixed charger
locations are predetermined using k-means clustering of trip origins and destinations, which
resulted in equivalent performance to the charger location algorithm described in chapter 2. This
result is consistent with He et al. (2016),'°> who found a similar clustering algorithm to be
superior to other siting algorithms. In simulations with a fixed number of charging locations,
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placement of both the locations and chargers were determined with k-means clustering, and then
each charger was moved to the nearest location.

The main difference between the model developed for this study and that reported previously is
that, at each minute, vehicles in the present study were removed or added to the fleet to match
the time-varying fleet size determined exogenously. Each vehicle was assigned a shift length and
commute distance (to and from home) randomly selected from a distribution based on survey
data (see below for details). At the end of the shift, after serving any active trip, vehicles were
designated as inactive as soon as they had enough range for their commute. When starting a new
shift, initial vehicle range was selected randomly from the ranges of vehicles already to have
completed their shifts, and the simulation repeated on the same 24-hour period until the average
range of all vehicles (both active and inactive) at the end of the day was within 5% of what it was
at the beginning of the day. Model inputs and outputs can be summarized as follows (see Table
16 for details):

Inputs: battery range, charging speed, number of chargers, number of charging locations, number
of active vehicles by minute, driver shift length, driver commute distance, vehicle routing

algorithms

Outputs: wait time by trip, revenue per shift-hour by vehicle, utilization by charger, deadheading
distance and time by vehicle
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have already 10 minutes after trip request. Vehicles that were location. Designate assigned chargers as
completed a shift. charging lose range equal to the amount of time they unavailable.

Figure 32. Flow chart depicting agent-based simulation for BEV fleet operations.
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2.3.2 Trip data

I conducted fleet simulations in both SF and NYC. To estimate trip data for NYC, I obtained
data from the NYC Taxi and Limousine Commission (TLC) on trips taken by Yellow Taxis,
Green Taxis, and For-Hire Vehicles (FHVs), the latter of which includes all ridesourcing
vehicles. The taxi datasets included geolocations and timestamps for trip pick-up and drop-off
points, as well as trip distance, whereas the FHV dataset included only the number of trips by
pickup zone and hour. To estimate individual trip records, I sampled trips from the combined
taxi dataset to create a trip record with the same distribution by hour and pickup zone as the FHV
data from February 2017, with 422,000 trips (the average for a weekday). This method accounts
for the fact that FHVs tend to serve different neighborhoods, but it assumes that trips within each
neighborhood are similar to taxi trips, which introduces a potential source of error. Pick-up and
drop-off coordinates were clustered into cells with radius 250 meters such that the maximum
difference in travel time would be 1 minute assuming an average speed of 15 miles per hour.
This clustering resulted in 6,500 total cells. Origin-destination matrices with times and distances
between each of these cells were estimated using data downloaded from Google Maps API, as
described in Chapter 2.

Table 14. Summary of city characteristics.

Parameter San Francisco New York City
Area (square miles) 47 303
Number of trips 162,707 422,652
Average trip distance (miles) and 2.7 miles 3.1 miles
duration (minutes) 14 minutes 15 minutes
Total number of active drivers 14,735 27,275
Average commute distance (miles) 12.4 10.0
Average shift length (hours) 4.6 7.0
Average driver earnings ($/shift-hour) 18.55 24
Sources San Francisco County Transit NYC Taxi & Limousine
Authority; Commission;
San Francisco Tax Collector’s Hall and Krueger (2018);
Office Parrott and Reich (2018)

The SF simulations are based on data obtained from the San Francisco County Transportation
Authority (SFCTA) for Uber and Lyft trips starting and ending within city limits in November
and December 2016. The data were aggregated by hour and traffic analysis zone (TAZ), and
pickup minutes were estimated using LOESS regression, with the number of trips in each minute
adjusted such that the total number of trips in each hour was equal to that in the original data. To
estimate times and distances for each trip, I integrated the SFCTA data with data obtained from
StreetLight Data Inc. based on GPS data from smartphone apps and in-vehicle devices. These
data include the distribution of times and distances for vehicle trips taken between TAZ pairs by
hour. While this GPS data is primarily sourced from personal vehicles, I assume that
ridesourcing trips will have similar distance and time to trips made by personal vehicles between
the same two points. StreetLight Data metrics were also used to create relocation matrices
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between each zone pair, similar to the data from Google described above. As shown in Figure
33, for each unique vehicle-trip and vehicle-charger pair, relocation times and distances are
drawn randomly from the corresponding distribution provided by the data.
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Figure 33. Maps showing average travel times between a vehicle in downtown SF (depicted by the taxi icon) and
every other TAZ in SF. Distributions of travel times to selected TAZ’s are shown in inset histograms; these
distributions are derived from GPS data provided by StreetLight Data. Note that distributions appear discontinuous
due to rounding; the distributions they are drawn from are discrete but relatively smooth.

2.3.3 Driver commutes and shift lengths

In both cities, I used survey data of Uber drivers '°¢ and NYC TLC data on ridesourcing driver
working hours !> to estimate the distribution of shift lengths for drivers. To estimate commute
distances, in SF I obtained data on the home cities of about 1,000 Uber/Lyft drivers within the
Bay Area '%°, and I used the Google Maps distance from each city to SF to create a sampling
distribution. Drivers originating outside the Bay Area were excluded, because I assumed they
would have to charge somewhere in the Bay Area on their way to and from home, such that these
“super-commuters” would not affect charging infrastructure requirements. Based on the
distribution for SF, in NYC I estimated commute distances by sampling from a gamma
distribution with a scale factor of 2 miles and shape factor of 5 miles.

2.3.4  Number of drivers active

In SF, I obtained data from SFCTA on the average number of drivers active in each hour, then
used LOESS regression to estimate the number active in each minute. In NYC, I calculated the
total amount of revenue generated in each minute based on Uber fares,'> and I used this to
determine the number of drivers that would be active if the average gross earnings were
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$23/hour, the average of values found in surveys.!3*!5¢ I then used LOESS regression to create a
smooth curve for number of active drivers, adjusted such that the average earnings over the
entire day were equal to $23/hour.

2.3.5 Cost analysis

Each component used to estimate the average cost per mile of each scenario is described in Table
15. The energy costs used are standard rates for small commercial entities, corresponding to the
power range of charging stations considered. This does not include overhead expenses for a
charging operator, assuming stations may be either publicly owned or managed by the
ridesourcing companies themselves. All amortization calculations assume an annual discount
rate of 5%, a value commonly used to evaluate the cost of long-term projects '%4. I ran a cost
sensitivity using a 10% rate (roughly the long-term average stock market return, see
MoneyChimp, 2018),! but found that results for the difference in net revenue between ICEV's
and BEVs changed by only -$0.07 to +$0.04 per shift-hour, which is a very small percentage of
total revenue.

Table 15. Cost model components.

Component Value Source

Vehicle purchase BEV 238: $29,120 (2019 Chevrolet Bolt after federal L
tax credit; assumed that battery lasts at least as long as

vehicle)

ICEV: $23,845 (2019 Toyota Camry)
Vehicle lifetime 200,000 miles 166
Vehicle BEV: $0.04/mile k3
maintenance ICEV: $0.06/mile
Charger installation = 7 kW: $5,000 138,167

22 kW: $20,000
50 kW: $50,000
Electrical Same cost as two additional chargers per location
connection (includes cost of transformer upgrades)
Vehicle insurance $150/vehicle-month
Energy costs BEV LETTze:
NYC: $0.061/kWh + $30.90/kW
SF: $0.151/kWh + $15.90/kW Gasoline prices reflect 5-year
(per-kW fees represent demand charges on peak power = averages
usage)

138,167

168

ICEV
NYC: $0.09/mile ($2.68/gallon, 30 miles/gallon)
SF: $0.11/mile ($3.27/gallon, 30 miles/gallon)

2.3.6 Simulation runs

As shown in Table 16, I conducted simulations for a variety of scenarios for vehicle range,
charging infrastructure, and charging relocation strategy (i.e. the rules that determine when
vehicles go to charge), for a total of 360 BEV fleet simulations (180 for each city). I also
conducted an ICEV fleet simulation in each city for comparison. I then determined whether each
BEV fleet provided equivalent service to the ICEV fleet, defined as earning at least 95% as much
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revenue per hour, with no more than 5% additional empty miles and average wait times no more
than 1 minute longer.

Table 16. Description of simulation runs.

Parameter Values simulated

Battery range 90 miles (based on 2019 Nissan LEAF with decreased range from
winter driving or capacity fade), 238 miles (based on 2019 Chevy
Bolt advertised range)

Charger utilization 25%, 50%, 75%, 100%

Charging speed 7.7 kW (present-day Level 2 charging), 22 kW (next-generation
Level 2 charging),!”* 50 kW (public DC fast charging)

Number of chargers Total distance * 1.4 / (Charging rate per hour * 24 hours * charger
utilization)

Number of charging locations Unrestricted, 10 locations

Charger distribution strategy k-means clustering (“optimal”), random point selection after k-

means clustering to 5,000 points (“random”), random point
selection from bottom 20% of points by total number of trips
within a 1.5-mile radius (“perimeter”) (tested only with 50%
charger utilization and 50-kW charging)

Charging relocation strategy Optimal routing (“opportunity”), optimal when < 20% state of
charge (SOC) (“threshold”), move to closest available charger
when < 20% SOC (“baseline”)

2.4. Results & Discussion

2.4.1 Feasibility of ridesourcing electrification by scenario

As shown in Figure 34, my simulation results suggest that BEVs with 238 miles of range
(equivalent to the Chevrolet Bolt EV) can provide equivalent service to ICEVs in a range of
different infrastructure scenarios in both cities. However, the ability of the fleet to serve demand
1s sensitive to both charging speed and charging relocation strategy. Using chargers rated at
7kW—the most common form of public infrastructure today—does not allow for equivalent
service in any of my simulations, suggesting that such slow charging is not sufficient for
ridesourcing electrification. This result is consistent with the analysis summarized in Figure 30.
Using 22-kW charging works in the “opportunity” relocation scenario in SF and when the
number of locations is unrestricted in NYC, while using 50-kW charging (DC fast charging)
allows BEVs to provide equivalent service across a wide range of scenarios. This result suggests
that DC fast charging infrastructure rated at S0kW is both necessary and sufficient for
ridesourcing electrification.

In the “baseline” scenario, in which drivers have no information on when they should charge and
only have information on which chargers are available when they start moving there, only 50-
kW charging allows for equivalent service in both cities. This scenario represents how BEVs
currently operate, suggesting that S0kW charging will be necessary to initiate BEV penetration.
In NYC, 22-kW charging can provide equivalent service if there is no restriction on the number
of charging locations, but when BEV penetration is low, there will not be enough utilization to
support more than a few locations. On the other hand, the fact that 22-kW charging works in
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many cases suggests that 50-kW charging may work even if my model is too optimistic, and
effective charging speed is lower in practice when accounting for time spent parking and

plugging in.

If fleet operators are able to direct vehicles to charge only when they have enough idle time to do
so (“opportunity” and “threshold” scenarios), the number of 50-kW chargers required decreases
to two per square mile in NYC (512 total chargers), and three per square mile in SF (175 total
chargers). In the “threshold” scenario, vehicles are only available to charge once their battery
range falls below 20%, whereas in the “opportunity” scenario, vehicles are available to charge
whenever idle. The former scenario performs slightly better in NYC, while the latter performs
better in SF, likely because the larger area or greater congestion of NYC induces a larger penalty
for charging frequently. This result suggests that some form of scheduling system for charging
stations can greatly improve electric vehicle reliability, which is consistent with findings from
previous studies.!74-176

In some ways, 238-mi. range represents an ideal case; to account for the impact of colder
temperatures, more aggressive driving, using vehicles with less battery range, and capacity fade
over time, [ also ran each simulation with 90 miles of battery range. As shown in Figure 35, such
vehicles can also provide equivalent service to ICEVs in both cities with 50-kW charging so long
as timing of charging is managed efficiently (“opportunity” scenario), suggesting that such a
capability makes fleet performance insensitive to battery range. In turn, using vehicles with less
range could decrease operating costs by reducing vehicles’ up-front costs and extending
batteries’ functional lifetime.

As shown in Figure 36, fleet performance is also relatively robust to how the chargers are sited.
Relative to clustering chargers by trip origins and destinations (“optimal” scenario using k-means
clustering), results remain largely unchanged when chargers are placed semi-randomly
(“random” scenario, i.e. selecting locations randomly after using k-means clustering to narrow
down selection to 5,000 points), suggesting that mildly perturbing placement does not affect fleet
performance. Even if chargers are placed only on the periphery (“perimeter” scenario, randomly
selecting points from areas with low trip density), revenue remains stable in both cities, and in
NYC overall service with the “threshold” charging relocation strategy remains comparable to the
ICEV fleet. If this scenario is modified such that charging at the beginning and end of shifts is
incorporated into drivers’ commutes (“commute” scenarios), fleet performance in NYC becomes
equivalent to the “optimal” charger placement scenario. Average wait time remains roughly 3
minutes longer in SF, but this may be because the trip data does not include trips entering or
leaving city limits. This result suggests that in some cases, if many ridesourcing drivers come
from outside the city (e.g. over half in SF),'6* placing charging near popular commute routes may
be sufficient. In summary, it appears that charging placement has relatively little impact as
compared to coordinated charging management, as the latter enables the use of short-range
BEVs. A map of each charging distribution is shown in Figure 37.

Figure 38 and Figure 39 show more details related to vehicle activity: the first shows overall

averages for the amount of time devoted to each activity, while the second shows vehicle counts
disaggregated by activity and minute in SF.
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Figure 34. Results for all simulations, showing the performance of a fleet of BEVs with 238-mi. range relative to a fleet of ICEVs for each combination of
charging infrastructure, battery range and charging relocation strategy. “Opportunity” represents simulations where vehicles are routed to charge whenever
they have enough idle time to make it worthwhile, “threshold” represents simulations where vehicles are only allowed to charge when below 20% state of
charge, and “baseline” means that as soon as vehicles reach 20% state of charge, they move to the closest available charger whether or not they have enough
time to gain a meaningful amount of charge, and whether or not there is another vehicle moving to the same charger. Ten was chosen as the number of
charging locations for the restricted-location scenarios because this was considered a lower bound on the number of charging sites that could be feasibly
deployed in a city.
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Figure 35. Results for all simulations with 90-mi. battery range. Labels are the same as in Figure 34.
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Figure 36. Results for simulation runs with different strategies for charging relocation and charger placement. In
“optimal” simulations, chargers were clustered based on trip origins and destinations. In “random” simulations,
charger locations were selected randomly after clustering trip origins and destinations to 5,000 points, and in
“perimeter” and “commute” simulations, charger locations were selected randomly from points in the lowest 20% of
trips per square mile. Each simulation was run with three and four 50-kW chargers per square mile for NYC and SF,

respectively.
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Figure 37. Maps of distributions of chargers in SF (top) and NYC (bottom) for each placement strategy and for both
unlimited locations and placement restricted to 10 locations. The color and size both represent the number of
chargers at each location.
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Figure 39. Vehicle activity by time of day with 7kW charging in San Francisco.

2.4.2  Total costs of ridesourcing electrification

The results presented above suggest that ridesourcing fleets can provide high levels of charger
utilization. In both cities, fleets with average charger utilization of over 12 hours per day were
feasible with both 22-kW and 50-kW charging. With 50-kW charging and some management of
charging timing (“opportunity” and “threshold” scenarios), fleets in both cities achieved charging
utilization of up to 20 hours per day while providing equivalent service to ICEVs. These results
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correspond to about 750 50-kW chargers in NYC, and 175 in SF, with densities of about three
chargers per square mile in both cities (NYC covers an area roughly five times as large as SF).
These quantities are roughly equivalent to the total number of gasoline pumps in each city.!”” In
comparison, NYC currently only has 16 public fast chargers, but it plans to build up to 1,000
more by 2020.'7® SF currently has 20 fast chargers spread across 13 locations,'” but there is
public funding for the installation of several thousand additional chargers (power ratings have
not been publicly announced).'®%!8! Based on my results, these existing plans are more than
sufficient to fully electrify ridesourcing in these cities provided that chargers are rated to at least
S50kW. I find that adding more charging infrastructure beyond this threshold does not
significantly improve fleet performance, consistent with previous studies that have found
diminishing returns to adding more charging infrastructure.!!%82

As a result of high utilization, I estimate that the cost of installing these fast chargers is quite
low: $0.07/shift-hour in SF and $0.17/shift-hour in NYC, including demand charges (see Table
15 for cost model details). In contrast, I estimate that all other ridesourcing BEV expenses fall in
the range of $3.27-$3.40/shift-hour including both operating costs and amortized capital costs.
The impact of BEVs on net revenue is either positive or close to zero in all scenarios (Figure 40).
In other words, even if the charging infrastructure is significantly overbuilt, resulting in only 5-
10 hours of utilization per day (11 and 5 chargers per square mile for SF and NYC, respectively),
the cost still represents at most 2% of driver earnings and an even lower proportion of total
revenue. My sensitivity analyses show that—in every case I tested—differences in revenue
between ICEV and BEV fleets fall within the range of -$0.80 to $0.80/shift-hour, or a few
percent of total revenue. This comparison assumes that fleets or their drivers pay for charging
infrastructure; any public infrastructure funding will increase potential savings for ridesourcing
fleets.

71



SF NYC

2136 2141 2134 2119 2109 0] 2887 288 2853 288

201

Cost component
. Charging infrastructure

. Fuel

Insurance

151

Maintenance

[ ]
[
. Net revenue
L]

101

Amortized
vehicle cost

Net revenue per shift-hour ($)

-5

3 4 6 11 ICEV 2 3 5  ICEV
Chargers per square mile
Figure 40. Average expenses and net revenue of operating a ridesourcing BEV per shift-hour, broken down by
component for each city. Dashed lines show comparison to total ICEV cost and net revenue, while red numbers
show total expenses and black numbers show net revenue after expenses. Error bars show difference between BEV
scenarios (only 50-kW scenarios that provide equivalent service to ICEVs are shown).

Charging infrastructure could be paid for with less than 1% of revenue from the rideshare tax in
NYC,'® or less than 4% of the proposed rideshare tax in SF.!'8% While I do not make any claim
about the specific levels of utilization required to support charger deployment, these results
suggest that utilizations as low as 20% may be sufficient. Below this point, the net revenue from
BEVs will decrease as charging costs per kWh increase exponentially.

2.4.3  Extended simulation results

NYC
Figure 41 to Figure 46 show results for each city for each measure of fleet performance: demand

served (and correspondingly driver revenue), average wait times, and deadheading (the ratio of
empty miles to passenger miles).
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Figure 41. Percent passenger-miles served by BEV fleets in NYC under different charging and vehicle scenarios.
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Figure 42. Average wait times in NYC by simulation scenario.
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Figure 43. Ratio of empty miles to passenger miles in NYC by simulation scenario.
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Figure 44. Percent passenger-miles served by BEV fleets in SF under different charging and vehicle scenarios.
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Figure 45. Average wait times in SF by simulation scenario.
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Figure 46. Ratio of empty miles to passenger miles in SF by simulation scenario.
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2.4.4  Sensitivity analysis

Figure 47 shows the impact of changing cost assumptions on the difference in net revenue
between BEV and ICEV fleets in each city, with each scenario described in Table 17. Figure 48
shows the impact of changing the assumption that idle vehicles rebalance in anticipation of
future demand.

Table 17. Description of cost model sensitivity analysis scenarios.

Scenario  Description

base Base scenario, described in Table 15
low_gas Gas prices decrease by $1/gallon
hi_gas Gas prices increase by $1/gallon
low_eff ICEV fuel economy = 25 miles/gallon
hi_eff ICEV fuel economy = 50 miles/gallon

nofedsub | No federal tax subsidy for BEVs

parity BEV 238 purchase price is the same as ICEV ($23,845), and BEV 90 price decreases accordingly
chgsub Cost of charging installation is ignored, assuming it is paid for through public funding
hiutil Vebhicles are used by multiple drivers, increasing vehicle utilization to 20 hours per day
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Figure 47. Impact of changing cost assumptions on potential savings from switching to BEVs. For more details on
each scenario, see Table 17.
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Figure 48. Comparison of simulation results by vehicle routing strategy (“stationary” represents simulations in
which vehicles never rebalance in between trips to match demand, while “automatic relocation” represents the base
scenario with clairvoyant rebalancing). Results show that removing clairvoyance decreases vehicle revenue
somewhat, but the impact of charging relocation strategy and battery range remain the same, with the exception of
the “baseline” scenario, where longer-range BEVs can no longer serve demand.

2.5. Conclusion

While my analysis is focused on two cities, it yields some general implications. My analysis
suggests that ridesourcing fleets can be electrified while maintaining or potentially even
increasing net revenues. The cost of charging infrastructure is a relatively small fraction of the
total cost of an electric, ride-sourced trip, indicating that it might be prudent to slightly overbuild
capacity to ensure high-quality service. For instance, 50-kW chargers placed at a density of
roughly three to four chargers per square mile would allow the fleet to better serve demand while
also increasing revenue slightly.

Efficiently routing vehicles to charge makes fleet performance insensitive to changes in vehicle
range, which may enable batteries to be used much longer than currently expected, further
lowering costs. Although short-range BEV's may not readily serve all of drivers’ personal trips,
leasing or renting vehicles for ridesourcing is already common, and almost two-thirds of
ridesourcing drivers in NYC report acquiring a new vehicle for the sole purpose of working in
the ridesourcing industry.'>*

From a policy perspective, justification for public intervention has centered on the environmental
benefits of shared, electric vehicles. However, this analysis suggests that when chargers are
utilized efficiently switching to BEVs could be achieved without increasing the cost of
ridesourcing services. A combination of mandates on ridesourcing companies coupled with
public investments in charging infrastructure can help ensure that ridesourcing companies invest
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in driver adoption of BEVs while freeing them of concerns related to availability and utilization
of charging infrastructure. Mandates that require industry to obtain a certain percentage of miles
from zero-emission vehicles would naturally spur the development of innovative financing and
leasing strategies for BEVs as well as the development of efficient charging-routing algorithms.
One of the first instances of such a mandate is the California Clean Miles Standard and Incentive
program, which sets targets for reduction in emissions per passenger-mile for ridesourcing
companies beginning in 2023.5> My work is the first to suggest that such policies are not only
feasible but could deliver emissions reductions at low cost.

It is important to note that my work can be extended to address the following limitations. First, |
do not have data regarding actual driver behavior in between trips, so it is possible that the way I
have modeled deadheading activity and charging behavior could bias my results. For example, I
assume that drivers never wait at charging stations with their app turned off. In the “opportunity”
and “threshold” cases, drivers will only relocate to charge when there is a charger available for
the whole time they wish to charge. In the “baseline” scenario, if there are no available chargers
when a driver arrives at a station, they are either routed to serve a trip or relocate to the closest
charging station with available spots. Similarly, I did not have access to actual ridesourcing trip
data for an entire metropolitan area in either of the cities I analyzed; in each case, data from
several sources are combined to extrapolate individual trips. In both cities, these data consisted
of only an average weekday, ignoring variation across days of the year. Future work could
improve on this approach, especially with access to proprietary data. That said, because I
modeled the ICEV and BEV fleets consistently, I expect my comparisons to be robust to
inaccuracies in driver behavior. Given the difficulty of obtaining and publishing analysis of
proprietary data, my approach for developing insights with limited data may prove useful in
future work. Regardless, I hope this study shows the value of detailed ridesourcing data and thus
encourages more data sharing in the future.

Future work should also seek to incorporate charging activity by other types of BEVs, such as
private vehicles and taxis. In particular, previous studies have shown that ride-sourcing and taxis
may provide complementary services,'® so charging activity by electric taxis could either
increase charger utilization or interfere with ridesourcing charging.

In addition, future work could incorporate dynamics of a fleet that changes over time with the
introduction of both electric and automated vehicles. While in this work I focus on currently
available vehicle models to study present-day ridesourcing fleets, future technology may include
a variety of different options. For example, it is likely that performance could be further
improved by using a heterogeneous mix of vehicles with different battery ranges, as shown in
Sheppard et al. (2019).!3* To provide recommendations for managing gradual electrification over
time, it will also be important to conduct simulations of fleets with both ICEVs and BEVs at
varying levels of BEV penetration.

Finally, while I have relied on average literature values for modeling cost components, true costs
may vary greatly from location to location, especially for charging infrastructure. Future work
could also incorporate cost components I have ignored, such as the cost of acquiring land and
maintaining parking spaces at charging stations, and the cost of developing and operating routing
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software. However, even if | have under-estimated charging infrastructure costs by several fold,
my main conclusions would not change.

81



Chapter 3:
Leveraging big data and coordinated charging for effective taxi

fleet electrification: the 100% EV conversion of Shenzhen,
China

3.1. Introduction

China is rapidly pushing toward the adoption of BEVs, and an increasing number of cities have
set ambitious targets for taxi fleet electrification including: Taiyuan,'3® Shenzhen, '8’
Guangzhou,'®® Chengdu,'®® and Beijing.!”® Shenzhen, China represents an especially interesting
case study because it is the first top-tier Chinese city to have fully replaced its taxi fleet of over
20,000 vehicles with BEVs, using the BYD e6 model with 400 km battery range (80 kWh
capacity with an average consumption of 0.2 kWh/km)."!

To build a sustainable roadmap for taxi electrification that can be adapted and adopted
elsewhere, the Shenzhen electric fleet must provide the same level of service as a conventional
fleet at low cost and with significant carbon benefits. Local interviews conducted with drivers
and reports in the media suggest, however, that time spent charging — in some cases over three
hours per day — results in lost revenue, compounded by problems with queuing at popular
charging stations.!'!6

Many studies have developed methods to optimize the siting of charging stations,!!3:162:192.193 byt
despite the unplanned nature of charging infrastructure siting in Shenzhen, sub-optimal station
locations may not be the fundamental cause of operational inefficiencies. Drivers report that
charging activity is concentrated during the afternoon because dayshift drivers feel obligated to
fully charge their vehicle before delivering it to the nightshift driver — most vehicles are driven
by two drivers for 12 hours per day each, and most dayshift drivers end their shift between 5 and
7 PM.'"** Some drivers use apps to find available stations, but others go to the same preferred
station each day near the shift change location, leading to problems with queuing at popular
stations. In turn, this uncertainty in waiting time means drivers go to charge two to three hours
before a shift change, long before they typically need to: most drivers go to charge around 50%
state of charge, and most afternoon charging events take less than one hour (this charging pattern
is similar between weekdays and weekends). If left with extra time between charging and the end
of their shift, drivers are often unwilling to accept trips that travel too far from the shift change
location, reducing revenue opportunities during this period.

In this chapter, I use over two weeks of GPS and battery state of charge (SOC) data from about
20,000 electric taxis in Shenzhen to evaluate the potential of different interventions to the
problems described above. The data come from January, May, and June 2019, and they consist
of snapshots taken every five minutes from each vehicle. Using these data, I conduct simulations
of four proposed interventions that could reduce the charging burden: 1) optimizing the location
of charging stations to minimize travel time to charging stations, 2) optimizing the dispatch of
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vehicles to charging stations to minimize both travel and queuing times, 3) shifting more daytime
charging to early morning hours when demand for taxi trips is low, and 4) shifting charging to
times when vehicles are idle.

In addition to my own work described in previous chapters, several previous simulation studies
have found that optimization strategies could improve the efficiency of electric taxi fleets. Lu et
al., (2012) showed that having a dispatching strategy for electric taxis in Taipei, Taiwan
successfully reduces charging wait times.'?® Tian et al. (2016) proposed a framework to
recommend charging station locations to e-taxi drivers in Shenzhen.!”* However, the study was
limited as the SOC data were crudely inferred from estimated charging locations. Tian et al.
(2017) considered the scenario of a major shutdown of an EV charging station in Shenzhen and
developed a strategy to re-allocate the charging demand to reduce queuing time and increase the
usage rate of charging stations.!® Finally, Dong et al. (2018) proposed a real-time framework to
recommend location and charging time to electric taxi drivers in Shenzhen, and conducted
simulations that showed significant potential improvements in charging station use and queuing
times at charging stations.!”

No previous study, however, has analyzed impact on revenues or compared the effectiveness of
multiple interventions. More importantly, no previous study has explored the underlying causes
of the apparent inefficiencies in fleet operations. In particular, I find that inefficient charging
behavior may be caused in large part by taxi drivers’ preference for changing shifts at full charge
in the afternoon, and that changing shifts at partial charge could significantly improve fleet
operations.

In this study, I develop several machine learning models to predict operational characteristics of
the taxi fleet and present a framework for how this modeling platform can be implemented in
practice. I conduct simulations to estimate and compare the potential impact of these various
interventions on fleet performance, driver revenue, and charging infrastructure use. Finally,
using one day of driver shift-change data, I compare the performance of groups of drivers with
different charging patterns to verify the simulation results.

3.2.  Methodology

Our study methodology consists of the following steps employing GPS and charging data.
Vehicle data for approximately 19,224 electric taxis in Shenzhen were prepared by Aspiring
Citizens Cleantech (ACC) between May 27 and June 9 and between January 17 to 19, 2019, for a
total of 17 days of data. Data include snapshots of location, state of charge (% of battery
capacity), and operation status (hired or available) every five minutes for each taxi while the
vehicle is turned on. To verify simulation results, ACC also provided vehicle data and driver
shift change data for July 25, 2019, including timestamps for when each driver logged in or out
of each vehicle. Finally, ACC also provided summaries of interviews conducted with
approximately 30 drivers in June and July 2019. These interviews were conducted with drivers
who were approached at charging stations by ACC or while ACC staff were taking taxi trips. My
analysis with these data consists of four key methodologies: 1) charging inference; 2) queuing
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inference; 3) predictive models; and 4) heuristic optimization analysis focused on four
intervention strategies: a) charging station location, b) dispatch to charging stations, and c)
shifting more charging to nighttime and d) shifting more charging to break periods.

3.2.1 Charging inference

To begin my data analysis, I first inferred charging events by finding locations where the vehicle
SOC increased by at least 10%. I then performed hierarchical clustering on all of these locations,
using 200 m as the maximum distance between any two vehicles in the same cluster. To infer
charging locations, I then took the mean values of latitude and longitude of all points in each
cluster, and then removed outlier charging events greater than 200 m from the closest charging
location. To estimate the number of chargers at each station, I found the maximum number of
vehicles charging simultaneously at the location across the total period in the dataset.

Note that this estimate of the number of chargers at each station does not account for usage aside
from taxis. To validate these inferred estimates, I collected data on actual charger availability for
18 charging stations, whose locations match the charging station locations I inferred from the
taxi data. I collected these data by taking a sequence of screenshots of two different charging
apps each hour over the course of four days between July 19 to 22, 2019, then using Google
Vision API 7 to extract the number of available chargers from each screenshot. The estimated
availability for these 18 charging stations inferred from the taxi data closely tracks the
availability displayed by the apps, especially during peak charging periods in the early morning
and late afternoon (see Figure 49). As such, | assume my estimates of the number of chargers at
each charging station is sufficiently accurate for the simulations conducted in this work. In future
work, I plan to improve accuracy by expanding data collection from the charging apps and
integrating it with taxi data more thoroughly.
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Figure 49. Comparison of total availability at charging stations by time of day between estimates from taxi data
with actual data collected from charging companies’ smartphone apps.
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3.2.2  Queuing inference

For every timestamp, | identified which vehicles were relocating to each charging station (i.e.,
idle vehicles whose next activity was charging). I inferred these vehicles to be queuing, if they
satisfied the following criteria: 1) the vehicle moved less than 1 km over the previous five
minutes and was either: a) the closest vehicle to the charging station and within 500 m or b)
within 100 m of another vehicle queuing at the same station. In other words, after finding the
closest queuing vehicle to each station, I inferred lines of queuing vehicles by sequentially
adding the next-nearest queuing vehicle. I define queuing time as the time elapsed between the
start of a vehicle joining a charging queue and the beginning of the charging event.

3.2.3 Predictive models

I developed all predictive models with the h2o package using R 3.5.1. I tuned hyper-parameters
using five-fold cross-validation, and I validated model performance with 10% of the data left out
of model training for testing purposes. I found the difference in performance between the
gradient boosting models and other model types to be negative or insignificant, so I only report
results using gradient boosting for all models.

First, I constructed a model to predict the average queuing time before charging at each charging
location for 30 minutes into the future. The predictive model includes the following features: the
number of vehicles queuing at the charging station, the number of vehicles charging, the flows in
and out of the station and queue, the size and location of the station, fixed effects for each
station, and a variety of transformations of each of these variables. As reliable prediction requires
sufficient charging events at each charging station, I only applied the predictive model to
charging stations with at least 20 inferred chargers, resulting in 93 charging stations accounting
for over 75% of charging events, for a total of approximately 375,000 observations. The model
prediction tracks the actual queuing time during peak hours quite well, with a root mean squared
error of 4.3 minutes.

Second, I also constructed a model to estimate travel time between any two points in the city of
Shenzhen, using 7.3 million trip durations as training outcomes. I clustered trip origin and
destination locations into 500-meter grid cells and downloaded travel-time estimates between
each pair of grid cells from OpenStreetMaps. These travel-time estimates do not account for
traffic congestion and served as inputs in my model to predict trip durations, along with straight-
line distance, time of day, day of week, and origin and destination locations. Over 85% of
predictions fall within five minutes of the actual trip duration, with a root mean squared error of
4.7 minutes. Figure 50 shows comparison of predictions with data for both of these models.
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Figure 50. Performance of predictive models for queue time at the top 93 charging stations (top) and travel time
between all locations (right). Dotted lines show five-minute error bounds.

3.2.4 Optimization analysis

Relocate charging stations.

Using the travel time model described above, I identified the detour time required to visit a
charging station at each point C, defined as the additional travel time from the last drop-off point
A to the next pick-up point B via the charging station C (¢4¢ + fcg), compared with the travel
time directly from point A to point B (45, see Figure 51 below).

tac tca

Figure 51. Schematic of the calculation of detour time caused by driving to a charging station.

I then used a heuristic approach to analyze the impact of optimally locating charging stations. I
relocated each existing charging station to a location C that minimized total detour time of all
charging events taking place there and reassigned each charging event to the charging station that
minimized detour time, following the objective function shown in Equation 5 below. I repeated
these two steps until the simulated detour times converged.

minY; tuc + tep, — tas; )
Dispatch to charging stations.

Using the queuing and travel time models described above, I predicted the average queuing time
at all stations for the next 30 minutes and assigned vehicles to the station with available chargers
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that minimized the total delay (the sum of detour time plus queuing time). Given potential
inaccuracies in my estimate of the number of chargers available, as a conservative approach I
only relocated vehicles to a new charging station if I estimated less than 90% of the chargers to
be occupied. After reassignment, [ updated the estimated queuing time and the number of
available chargers at each station. I repeated these two steps until the simulated queuing times
converged. This process is described by the objective function and constraints listed in Equation
6 below, where gc is the estimated queuing time, dcis the travel detour time seen in Equation 5,
and pcis the number of charging ports at the charging station.

min(dc + qc);
de = tac + tep, — tapy
ncharging < 0.9 = Pc (6)

Shift more charging to nighttime:

Based on my analysis and results from the driver interviews, I assumed that charging has a
negligible opportunity cost between 1 AM and 7 AM on weekdays and between 2 AM and 8§ AM
on weekends due to low trip demand. As such, I argue that the SOC that the nightshift driver had
at the start of this “zero-cost” period could be interpreted as surplus SOC that the dayshift driver
did not need to charge before the shift change.

I defined these before-shift-change charging events as the last charging events for each vehicle
before 8 PM or the first charging event after 8§ PM in cases where there was no charging event
between 10 AM and 8 PM. Based on the average amount of surplus SOC that each vehicle had
on other days, the time of day, and the starting SOC, I trained a model to predict how much
surplus SOC a vehicle would have at the start of the “zero-cost” period, if the dayshift driver
charged to 100% immediately before changing shifts. For each prediction, I then calculated the
SOC at the shift change that would give the vehicle a 95% and 99% chance of reaching the
“zero-cost” time without falling below 10% SOC. Based on the average power of the charging
station selected for the before-shift-change charging event, I then calculated the amount of time
that could be saved by following my recommendation for the SOC at shift change. This process
is described in Equation 7 below, where , 4 is the time savings of taxi n on day d, ¢ is time of
day, and P is the power of the charging station. Figure 52 shows a comparison of predictions
with outcomes for this predictive model, along with curves representing 95% and 99%
reliability.

tha = f(t,SOC) * P (7)
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Figure 52. Comparison between predictions and actual data for SOC in early morning hours (1 AM on weekdays, 2
AM on weekends) based on SOC at the start of the dayshift driver’s last charging event. Red and blue lines show the
5% and 1% percentile of predictions respectively, representing the lower bounds placed on predictions to ensure high
levels of reliability.

Shift more charging to break times:

First, I identified break periods for each vehicle, defined as periods when the vehicle was neither
serving a trip nor charging and the vehicle’s odometer reading did not increase for more than 30
minutes. Using the queuing and travel time models described above, I estimated the amount of
time available for charging during each break period, and the maximum amount of SOC that
could be charged. I then conducted a simulation to determine the potential to satisfy charging
needs during these break periods by removing all charging events, i.e. assuming the vehicles’
SOC did not change during existing charging events. I then added charging during break periods
incrementally to keep SOC between 0% and 100% and calculated the amount of additional
charging time needed to maintain SOC above 10% between each break. This process is described
by the objective function and constraints listed in Equation 8 below.

min(SOCemerg) )
S0Czpnq > 10,
ASOCrax = (tigze —mind¢ + qc) * Pe,
ASOChrear = Min(ASOCy, 4y, 100 — SOCst0rt),
S0Ceng = SOCs¢qre + ASOCyreqr,
ASOCemergency = max(0, =1 * SOCepnq),
SO0Cstare = SO0Ceng + ASOComergency ()
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3.2.5 Study limitations

There are several limitations to this analysis that can be addressed with expanded data access.
First, without complete real-time data from existing charging stations, there may be inaccuracy
in my estimates of charger availability. In future research, I could expand charging station data
collection efforts to conduct more accurate and detailed charger availability analysis. Similarly, I
could also obtain and integrate data on driver shift change locations and times to inform my
estimates of detour time and surplus SOC during the afternoon shift change. Finally, this analysis
does not consider a variety of behavioral factors that influence decisions on where and when to
charge including: the availability of rest places and food, opportunities to meet friends and other
drivers, and desire to maintain a large SOC buffer at all times (for example, it appears some
drivers never let their batteries fall below 50% SOC). To analyze these factors in depth and to
test potential strategies in the real world, future research should include a pilot project via a
smartphone app that will provide drivers with real-time information on queuing times at charging
stations as well as an accounting tool to keep track of SOC charged across shifts, to facilitate
changing shifts at partial charge.

3.3.  Results

As shown in Figure 53 below, analysis of the Shenzhen taxi data shows there are two major
peaks in charging events in the early morning and late afternoon (likely preceding shift changes),
along with a smaller peak during the lunchtime period. Each peak is accompanied by a
significant number of taxis queuing at charging stations, especially in the afternoon. Notably, this
afternoon peak is also accompanied by a decreased number of hired vehicles serving trips and an
increased total number of active vehicles, suggesting that these charging events result in
significant lost revenue. A comparison with TNC trip volumes in Shenzhen across three months
in 2019 shows correlation between decreased taxi trip volumes and increased TNC trip volumes
during the afternoon period, suggesting that taxi trip volumes are constrained by vehicle supply
(TNC data are not shown here due to issues with confidentiality).
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Figure 53. Number of taxis by operating status over time of day, for both weekends and weekdays.

Drawing on my literature review, my analysis, and taxi driver interviews, I identify three key
problems in taxi fleet operations: 1) queuing time due to inefficient routing of vehicles to
charging stations, 2) spatial mismatch between charging station locations and charging demand,
and 3) temporal mismatch between charging events and the time periods of lowest opportunity
cost of charging. In the following sections, I analyze each of these problems and the impact of
proposed interventions. Table 18 below summarizes the intervention results.

Impact on revenue is estimated by multiplying the daytime savings by the average revenue
generated per vehicle during that time. Results for flexible shift change SOC are derived from
the scenario providing 99% reliability of maintaining a 10% buffer in SOC between the last
daytime charging event and early morning hours. Exchange rate between USD and Chinese
Yuan (RMB) (0.14:1) was recorded on August 1, 2019.

3.3.1 Optimal charging locations

The charging market in Shenzhen is highly fragmented with over 100 different charging station
operators,'*® and planning has not been integrated with charging demand data, potentially leading
to a spatial mismatch. Meanwhile, drivers report that they prefer larger charging stations to
smaller ones due to greater reliability in expected queuing time. This is reflected in charger usage
data; concentrating chargers into fewer large stations at the best locations may increase usage
rate. Many studies have suggested siting taxi charging stations close to areas with high trip
density can improve fleet performance,!'?6%192.193 but given that drivers in Shenzhen typically
charge near their shift-change location, I assume that drivers seek to minimize the detour time
incurred by visiting a charging station on the way to their next destination, as described in the
methodology. As shown in Figure 54 below, relocating charging stations to the locations that
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minimize detour time results in a much higher density of charging stations in densely populated
areas of the city close to major corridors. I find that on average, optimizing charging station
locations could save each vehicle eight minutes per day.

Table 18. Summary of impacts of all proposed interventions.

Time savings (min/vehicle/day) Revenue Elect.ricity
Strategies/ generated savings
interventions ) (USD/ (USD/
dayshlft total Vehicle/day) vehicle/day)

Optimal charging 5 8 0.72 0
station locations
Optimal dispatch to 10 14 1.45 0
charging stations
Flexible SOC during 25 0 3.77 0.43
shift change
Optimal charging 72 123 11.16 0.58
during break periods
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Figure 54. Heat maps comparing the distribution of energy charged at current charging stations with the distribution
after relocating stations to the locations that minimize the detour time.

3.3.2  Optimal charging dispatch

While existing charging network apps show real-time availability at charging stations, these data
are fragmented between platforms and may not reflect actual queuing times due to many vehicles
arriving during a short time window. Accurate queuing time predictions may help drivers locate
charging stations with less queuing time and improve the certainty of the total time needed to
charge, allowing drivers to start charging closer to the end of their shift.
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Using the queuing model described earlier, I estimated the amount of time vehicles could save if
they charged at the station causing the least delay, which is defined as the sum of the detour and
queuing time. I find that through optimization it is possible to reduce the time spent queuing per
charging session by almost 50%, from over 10 minutes to about five, with a total time savings of
14 minutes per vehicle per day. While over 26% of vehicles currently spend over 30 minutes
queuing per day, in the simulation I find that this proportion could be reduced to less than 10%. I
find that optimizing the dispatch of vehicles to charging stations could save almost 4,500 hours
of downtime per day, potentially resulting in over $10 million per year in additional revenue (see
Figure 56).
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Figure 55. Heat maps depicting charger use and total queuing time (black rings) before (top) and after (bottom)
dispatching optimization.
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Figure 56. Distributions of time lost due to detouring to charging stations and queuing at charging stations, both
before and after dispatch optimization.

Optimizing the dispatch of vehicles to charging stations could also greatly increase the economic
sustainability of the charging network, which may be threatened by the pending removal of
charger installation subsidies.'”® As shown in Figure 55 above, currently most charging is
concentrated in a few large charging stations with over 100 inferred chargers each, resulting in
large total queuing times at each of these stations (shown by the black rings). Drivers report that
they prefer larger stations because the queuing time is more certain due to higher turn-over rates.
Not surprisingly, by providing accurate estimates of the expected queuing times at each station, |
find that charging events can be dispersed among more charging stations.

Due to the non-linear relationship between usage and amortized cost per kilowatt-hour (see
Figure 57), I find that this dispersion can have positive impacts on charging economics. Using
the cost parameters reported by Crow et al. (2019),'°® including costs for charger construction,
maintenance, and land, I calculated the cost of charging amortized per kilowatt-hour, assuming a
10% discount rate and a 10-year charging station lifetime. As shown in Figure 58 below, the
increased usage rate at many stations results in much lower amortized cost. Under the current
pricing regulation, charging stations are not allowed to charge customers more than $0.11 per
kWh on top of the electricity price !°%. Without subsidies on charger installation, less than 10%
of inferred charging stations would be economically sustainable, including less than 50% of the
top 93 inferred charging stations. In contrast, with optimal dispatching of vehicles to charging
stations, 75% of inferred charging stations would be profitable without subsidies.
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Figure 57. Impact of usage rate (measured as percent of total hours charger is being used) on amortized cost of
electricity, by charger type.
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Figure 58. Usage rate of major charging stations (average percent of time each charger is occupied) by number of
chargers at each station, before (top) and after (bottom) dispatching optimization.
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Interestingly, once vehicles have been dispatched to optimal charging stations, repeating the
heuristic location optimization described in the first section has little effect. As shown in Figure
59, I find that only stations on the city’s periphery are significantly affected, resulting in time
savings of less than one minute per vehicle per day.
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Figure 59. Difference in chargmg locations before after location optimization, given optimal dispatch.

3.3.3  Shift more charging to early morning hours

I also studied the potential for enhancing efficiency by shifting some charging from the dayshift
to early-morning hours, when charging carries a lower opportunity cost due to lower demand for
taxi trips. As shown in Figure 60, most drivers consume less than 50% SOC between the
afternoon charge and early morning hours when trip demand plummets, suggesting large
potential for arbitrage.

As seen in Figure 61, during early-morning hours both the proportion of the fleet that is hired
and the hourly revenue per vehicle drop substantially, suggesting there are more idle vehicles
than are needed to serve demand. Based on this finding, I estimated the number of “surplus
vehicles” that could go charge without affecting the fleet’s capacity to serve trip demand. This
value is defined as the number of idle vehicles that could be removed from duty while
maintaining the ratio of hired vehicles to idle vehicles at or below 1:1.25, the minimum hired
ratio observed during the daytime. I find that the number of vehicles charging during early-
morning hours (defined as 1 AM - 7 AM on weekdays and 2 AM — 8 AM on weekends) could
almost double without affecting the fleet’s capacity to serve trip demand.
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Despite this apparent incentive to charge more during the nightshift, most drivers interviewed
reported that they feel an obligation to charge to full SOC before the afternoon shift change to
ensure that dayshift and nightshift drivers both pay for a fair share of the electricity and have an
equal opportunity to serve long trips.

There is no established policy by regulators or companies that requires drivers to change shift at
full SOC. If there were a data-driven accounting tool to facilitate payment between drivers to
compensate for time spent charging, the barrier to optimizing charging times among drivers
could be overcome. Based on the prediction model described in the methodology, I find that
starting with a 72% SOC during the afternoon shift change gives the nightshift driver a 95%
probability (on average) of reaching the early-morning hours without falling below 10% SOC
(see methods section for details). Based on the derived charging power of each charging station
(33 kW on average), adding this SOC flexibility to the afternoon shift change would save each
dayshift driver 40 minutes per day and increase their fare revenue by over me $5 per day. Given
that electricity prices are also lower between 11 PM and 7 AM, this intervention would also
reduce charging costs by over me $1 per vehicle per day. Even if nightshift drivers require 99%
probability that they will maintain at least 10% SOC, a flexible SOC policy during shift changes
would save each dayshift driver over 25 minutes per day. In aggregate, this intervention could
save day shift drivers 8,000 to 12,000 hours per day, potentially yielding over $25 million per
year in additional revenue. This analysis does not include the potential for reducing queuing and
detour times by increasing flexibility in when and where drivers charge, and so these estimates
are likely conservative.

20000 4

100001 | I‘
| I Ay
0 50

Figure 60. Distributions of net loss and total consumption of SOC between last charging event before 8pm and the
start of low-demand hours (1am on weekdays, 2am on weekends). Total consumption is equivalent to net loss for
vehicles with no charging between 8pm and low-demand hours.
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Figure 61. Clockwise from top left (all hourly moving averages disaggregated by both time of day and day of
week): a) proportion of vehicles hired (not including vehicles that are disengaged or charging); b) average net
revenue per vehicle per hour (fare revenue minus electricity cost); ¢) number of “suplus vehicles,” defined as the
number of vehicles in the fleet that could be charging while keeping the fraction of vehicles hired below the
minimum value observed during the daytime (44%); d) number of vehicle charging.

3.3.4  Shift charging to break periods

Early-morning hours are not the only time of day when charging has a negligible opportunity
cost. I estimate that each vehicle takes over two hours of breaks per day on average, even when
only including periods when the vehicle spends at least 30 minutes idle in the same location (not
including charging). Over 60% of vehicles spend at least as much time on these breaks as they
spend charging during the dayshift. When asked why they do not currently use break periods to
charge, several drivers reported that they see no need to do so, because they must charge to full
SOC before changing shift regardless. Without the constraint of changing shift at full SOC,
drivers could save time by charging during breaks. Such an intervention could also reduce
fatigue driving and improve safety by encouraging drivers to take longer breaks every few hours
to ensure that they remain alert while driving.

As described in the methodology, I developed a simulation model to estimate the minimum

amount of additional charging time required given full use of both break periods and early
morning hours, finding that on average vehicles could satisfy all their charging needs with only
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10 additional minutes, saving over 70 minutes per vehicle per day. This optimization strategy,
shown as the “optimized” vehicle charging profile in Figure 62, results in a larger early-morning
peak, a broader lunchtime peak, and a substantially smaller afternoon peak. This reduced demand
for charging during the afternoon increases the fleet’s capacity to serve trip demand during
afternoon peak hours, yielding over $75 million per year in additional revenue.

Current
=== Flexible shift - 95% reliability
=== Flexible shift - 99% reliability

6000 A
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2000 1
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Figure 62. Number of vehicles charging by time of day in four different scenarios. The “flexible shift” scenarios
allow drivers to change shift at a sufficient SOC to provide either 99% (green) or 95% (blue) confidence for the
nightshift driver to operate without charging until the early morning hours (defined as 1am on weekdays and 2am on
weekends). The optimized scenario assumes full usage of both break periods and early morning hours for charging.
The large nighttime peak introduces the possibility of scarcity of available chargers. However, given that I inferred
over 12,000 chargers in the taxi data, I expect that the dispatching optimization, described above, would be able to
mitigate this potential issue.

3.3.5 Evidence from current driver behavior

Using the fleet’s driver shift-change data, I find that some drivers have already adopted charging
patterns aligned with some of the strategies described above. For example, for 1,251 vehicles or
roughly 7% of the fleet, dayshift drivers ended their shift with a 60 to 85% SOC. Compared with
“full SOC” dayshift drivers in Figure 63 below, “flexible SOC” dayshift drivers tend to charge
earlier in the afternoon, likely coinciding with their lunch break, and “flexible SOC” nightshift
drivers tend to charge slightly earlier in the early-morning hours.

As shown in Table 19 below, compared with drivers that change shifts at full charge, on average
these “flexible SOC” drivers earn more revenue ($5 per vehicle per day), operate for slightly
more time, and continue accepting trips with less time before their shift change (1.42 hour versus
2.25 hour). They also charge further from the shift-change location (6.1 km versus 2.9 km),
meaning they have more choice of where to charge. This increased choice likely results in less
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queuing time and greater certainty of charging time, both of which reduce the overall opportunity
cost of charging.

Table 19. Comparison of descriptive statistics by vehicle charging strategy.

SOC at afternoon shift change (%)

Attribute 60 to 85 ~85 p-value
(flexible SOC) (full SOC)

Number of vehicles 1251 10616 n/a
Total revenue e
(USD/vehicle/day) e AU
Dayshift revenue ook
(USD/vehicle/day) 107.09 102.31
Distance between
ch‘argmg station a‘nd 6.1 29 e
shift change location
(km)
Time between
charging and shift 3.63 2.30 ok
change (hr)
Time between shift
change and last trip 1.42 2.25 L
dropoff (hr)
Operating time 19.67 19.48 *
(hr/day) ' '
Revenue per operating 1079 1057 -
hour (USD/vehicle/hr) ’ :
Starting SOC of
charging events (%) 53 32
Ending SOC of e
charging events (%) %2 %
Charging time (hr) 1.09 1.26 ok

p-values describe results of two-tailed t-tests, with the following significance levels: * < 0.05, ** <0.01, *** <
0.001

Additionally, on average “flexible SOC” dayshift drivers stop charging at 92%, saving 10
minutes per charging event by avoiding slow charging speeds at close to full SOC. These
findings are consistent with my simulation results that suggest that flexibility in the SOC
required at shift changes can increase driver earnings by enabling drivers to charge during break
times and at charging stations with shorter queuing times.
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Figure 63. Density profile of charging events by start time on July 25, 2019, grouped by shift-change type.
“Flexible SOC” represents vehicles changing shift in the afternoon at 60 to 85% SOC, “full SOC” represents

vehicles changing shift in the afternoon at 85 to 100% SOC, and “single shift” represents vehicles that did not report
a shift change on this day.
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Figure 64. Distribution of shift change times on July 25, 2019.
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Figure 65. Distribution of charging start times by driver shift-change type.
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Figure 66. Cumulative distributions of different characteristics of driver shift change data.

101




80+
Day shift
= Total

75
=
<
o
=
X 70
()
=
C
(0]
>
[0)
x

65 -

60+

50 60 70 80 90 100

SOC at shift change (%)

Figure 67. Impact of SOC at driver shift change on average revenue per hour both during the dayshift and across the
day.

3.4. Conclusion

With the Shenzhen taxi fleet data on vehicle trajectory and battery state of charge, I illustrate the
capability of big data to reveal system-level inefficiencies and inform simple optimization
strategies to facilitate effective total electrification. Enabling flexible SOC during the afternoon
shift change could reduce aggregate vehicle downtime by over 10,000 hours per day, while fully
using break periods and early morning hours to charge could save over 20,000 hours per day. |
also find that optimizing vehicle dispatching to charging stations could improve the economic
sustainability of charging infrastructure by increasing the percentage of viable chargers without
subsidies from less than half to 75%.

These findings naturally lead to recommendations for policies that encourage driver behavioral
change and coordinated charging. By testing and implementing such strategies, cities and fleet
operators could greatly alleviate the operating burden arising from electrification. For more
effective fleet electrification, cities should consider developing data platforms that integrate
demand-side data on the charging needs of various transportation modes with supply-side data
on charger availability and construction. This combination would enable critical feedback control
so cities can predict and balance the demand and supply for electrified transportation. Aside from
the real-time fleet optimization discussed in this study, data integration can also be used to
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minimize the stress vehicle charging places on the power grid and maximize usage of
intermittent renewable energy resources. Meanwhile, switching from conventional vehicles to
BEVs effectively will require significant behavioral changes, and both taxi drivers and fleet
operators could benefit from targeted training to better understand how to best use this new
technology.

Shenzhen provides a strong leadership model for municipal governments to consider as they seek
full electrification of both fleets and private transportation. Given China’s goal of phasing out
conventional vehicles over the next several decades,?” the findings of this study have large-scale
implications for other Chinese megacities aiming to shift to low-carbon transportation.
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Conclusion:
On-demand automotive fleet electrification can catalyze global
transportation decarbonization and smart urban mobility

In the previous three chapters, I have conducted analysis and modeling to show the feasibility of
rapidly electrifying MODYV services worldwide. Figure 68 summarizes these findings. As shown
in Figure 68a, MODV:s often spend over 25% of their time idle while waiting for trips,?’!
suggesting that if this downtime could be harnessed effectively, drivers would have plenty of
time to charge. As shown in Figure 68b, less than 0.5% of taxi trips are over 50 km in a variety
of cities, and my work discussed above has shown that BEV fleets could serve present-day
mobility demand in dense urban areas with less than 160 km of battery range.”” Given that these
vehicles are typically driven in urban cores, BEV fleets could also more effectively reduce air
pollution, especially in lower-income communities where private BEVs may remain
prohibitively expensive for many years.?*?

One factor that complicates MODYV electrification is that some companies — mainly TNCs — do
not own and operate their vehicles but rather operate a software-based marketplace where drivers
working as independent contractors provide mobility services to consumers requesting rides.
However, as I discuss below, many of the same opportunities, barriers, and policy needs apply to
TNCs as well.

Electrification of the MODYV sector also presents an opportunity for large potential spill-over
benefits for other areas of sustainability. MODYV electrification would expose many consumers
to BEV technology and spur investment in charging infrastructure for those without access to
home charging (especially common in low-income areas), both of which would likely broaden
the market for private BEVs.8%293 While MODV charging could exacerbate peak electricity
loads, coordinated charging could eliminate peak-load growth, spreading charging to hours of the
day when electricity is cheaper and/or underused.!>-2%4 Individual charging stations can also
moderate power supply to vehicles to align with grid capacity. Furthermore, as I describe in
detail below, MODYV electrification can facilitate the collection and analysis of vehicle trajectory
data to inform the design, integration and operation of innovative mobility services, including
bus rapid transit, shared micromobility (bike and scooter sharing platforms), and partnerships
between MODVs and existing public transit service. Beyond its application to transportation
innovation and policy, this vehicle trajectory data may also become an important tool to enable
contact tracing in the fight against the COVID-19 pandemic.
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Figure 68. Clockwise from top left: a) distribution of time spent by an average New York City (NYC) ridesourcing
driver.!¥>2 T assume a vehicle energy consumption of 0.17 kWh/km, equivalent to the performance of the 2018
Chevrolet Bolt.'*" For relocating to charge, I assume one charging session per eight-hour shift and an average
relocation distance of 4 km at a speed of 16 km/hour. b) Distribution of taxi trip distances in cities in the United
States (U.S.) and China (data provided by city governments of respective cities). ¢) Relationship between the total
cost of charging infrastructure (capital cost, electricity, and demand charges) and percent utilization by time, along
with the impact of fleet coordination.?%19%20! Note that these costs only include the cost of electricity and charger
installation, not the opportunity cost of queuing and charging; the reduction of the cost of charging with
coordination is due to the reduced quantity of chargers needed. d) Operating cost by vehicle type and fleet
coordination based on cost estimates in Shenzhen. I use cost parameters from chapter 2, and I assume battery
lifetime of 1,500 cycles when uncoordinated, and 3,750 cycles when coordinated, based on my review of battery
degradation literature. I assume that vehicles must be replaced at 80% of original capacity when uncoordinated, and
at 50% when coordinated, as found in chapter 2.7’ Revenue lost due to charging is based on results from chapter 3,
and includes the opportunity cost from time spent both queuing and charging.?%>2% In both c) and d), I assume an
annual discount rate of 5%. See Table 20 to Table 22 for details on calculations, sources, and assumptions.
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Table 20. Variable definitions and values for Figure 68a

Variable Definition Value Source
fare_mi fare per mile $1.75 &5
fare_min fare per minute $0.35 155
Soase base fare $2.55 &5
v velocity 12 miles/hour 145
w wage $24/hour LB
avg dist average trip distance 3 miles 145
t_shift shift duration 5 hours LB
kpm energy consumption 0.28 kWh/mile 160
Cc TNC commission 25% 155
d_rel empty distance ratio 25% 157
Sull wage theoretical wage if serving trips 100% of the time
t_pass time actually serving trips given wage rate
t trprel times spent relocating to trips
d_tot distance traveled per hour
t chgrel time spent relocating to charge

Calculations:

full wage = (60 * fare_min + vel * fare_mi + vel / avg_dist * fare trp) * (I - C)
t pass = 60 *w/ full wage

t trprel =t pass *d _rel

d_tot =vel * (t_pass +t _trprel) / 60

t chgrel = 1/vel * 60 /t_shift

time required to charge = d_tot * kpm * 60 / charger power

total time busy with non-charging activities = t_pass +t_trprel +t_chgrel
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Table 21. Variable definitions and values for Figure 68c.

Variable

fee
capex
opex
dmnd
elec
dur
disc
power

util

Calculations:

annual kWh = util * power * 24 hours/day * 365 day/year

Definition

annual fee
installation cost
O&M cost
demand charge
electricity cost
charger lifetime
discount rate
charger rating

utilization rate of
charging
infrastructure

discount rate = (1 + disc) ™ (1 / annual kWh) — 1

total cost per kWh =

coordinated: 78%

Value
SF NYC Sz
$0 $0 $1,344/year
$50,000 $50,000 $24,500
$1,500/year $1,500/year $700/year
$15.90/kW/month $30.9/kW/month $0
$0.151/kWh $0.061/kWh $0.14/kWh
10 years 10 years 10 years
0.05 0.05 0.05
50kW 50kW 42kW
current: 7.5% current: 7.5% current: unknown
uncoordinated: 21% uncoordinated: uncoordinated:
coordinated: 82% 48% 18%

coordinated: 34%

capex * (discount rate / (1 — (1 + discount rate) ™ (-1 * annual k€Wh * dur))) +

opex * (discount rate / (1 — (1 + discount rate) ™ (-1 * annual kWh))) +

fee * (discount rate / (1 — (1 + discount rate) ™ (-1 * annual kWh)))
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Table 22. Variable definitions and values for Figure 68d.

Variable Definition Value Sources
Coordinated | Uncoordinated ICEV
BEV BEV
fuel price cost of electricity or $0.18/kWh $0.21/kWh $1.02/L 207
gasoline
cons rate of fuel consumption 0.2 kWh/km 0.2 kWh/km 0.075 L/km L2820
bat_price battery purchase price $150/kWh $150/kWh n/a 201
capacity battery capacity 80 kWh 80 kWh n/a 20
cyc_deg battery capacity .013% .013% n/a 208
degradation per cycle
soc_end capacity at which 50% 80% n/a 77,201,208
batteries must be
replaced
rev_loss revenue lost due to time $1.50/day $15/day $0 206
spent charging
maint maintenance cost $0.015/km $0.015/km $0.025/km VIHEE
dist_day average distance traveled 306 km/day 206
disc daily discount rate 0.05/365=.00014 L
bat_dur battery lifetime, in days
Calculations:

bat dur = (100 — soc_end) / (cyc_deg * dist_day / (capacity / cons))
total cost per km = bat_price * capacity *

disc* (disc + 1) “bat _dur/((r + 1) " bat_dur— 1) / dist_day + fuel price * cons + maint + rev_loss

Barriers

Despite such high stakes and promising opportunities, as discussed above, in most areas MODV
electrification lags even the slow pace of private-vehicle electrification. While many major TNC
companies have announced initiatives to promote electrification, most goals amount to
electrifying less than 5% of operations.?*

Current understanding is that fast-charging infrastructure is prohibitively expensive to build and
operate without high levels of public subsidy, but the truth is more complex. Because cost is
dominated by installation and demand charges, it is highly dependent on usage rates: as usage
increases, the per-energy cost decreases exponentially. As shown in Figure 68c, the amortized
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cost of charging at public fast-charging stations in the U.S. costs over twice as much as gasoline
because usage rates are very low; private BEV owners typically charge at home and only use
fast-charging stations in emergency situations or on rare long-distance trips. In contrast, BEV
fleets need to use fast chargers in urban areas daily and are available to charge in between trips
throughout the day. Studies have shown that even use by unmanaged fleets could drive costs
below that of gasoline;?>!''* coordinated charging could reduce costs even further.?’!

Even with sufficient charging infrastructure, MODV services may not electrify without
additional policy support. Drivers are typically responsible for fuel expenses, leading to a
principal-agent problem (i.e., the actor able to solve a problem and the actor affected by the
problem are separate entities)?!? as the service operator is much better equipped to facilitate
electrification. In many places, fuel costs represent less than 10% of driver earnings, and studies
have shown that consumers tend to undervalue savings from efficiency,?!! such that drivers may
not prioritize efficiency over other factors (e.g., comfort and style) when choosing a vehicle.
Prior to updated regulation in 2009, NYC taxis had an average gasoline fuel economy of 15
miles per gallon (16 L/100 km), much lower than the nationwide average. Even today, though
the total cost of ownership of hybrid vehicles is lower than that for gasoline vehicles, only 60%
of the taxi fleet in NYC is hybrid, and less than 20% of TNC vehicles.?!?

Both these trends point to the need for policymakers to set firm targets for MODYV electrification.
Without BEV demand for fast chargers in the urban core, it is not surprising that a lack of
infrastructure remains a problem. But if charging operators have confidence in high levels of
demand, private companies will invest in infrastructure, resulting in sufficient supply. As shown
in Figure 68, high levels of usage from BEV fleets enables charging operators to make a return
on their investment, spurring further investment.

Electrification trends in China provide a model for how this can work in practice. Mandates on
bus and taxi fleet electrification in Shenzhen, China spurred heavy investment in charging
infrastructure, resulting in over 12,000 fast-charge points spread across the city within five years,
owned and operated by over 10 different private companies.!*® Electrification mandates for buses
and taxis in several Chinese cities have already electrified billions of kilometers, suggesting such
policy represents a viable pathway to rapid electrification at scale (see Figure 69).
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Figure 69. Number of vehicles and operating distance in bus and taxi fleets in 10 of the largest Chinese cities, along
with rates of electrification. Data provided to authors by Aspiring Citizens.

Incentives and pricing play an important role in accelerating adoption of BEVs and installation
of charging infrastructure. The city government in Shenzhen and the Chinese national
government provided subsidies for charging stations amounting to 30% of installation cost.'*8
However, subsidies for charging stations and vehicles do not guarantee adoption, and no level of
subsidy is sufficient without demand. For example, analysis of current incentives in the U.S.
showed that every US$1,000 of monetary incentive has increased BEV sales by less than 3%,
equivalent to a cost of over US$30,000 per additional sale.?!3 While incentives will likely be
necessary to reward early actors and compensate them for risk, they cannot replace firm
electrification targets. One possible strategy would be to combine incentives with targets through
a credit-trading scheme, as employed with fuel economy standards for private vehicles in the
U.S. and elsewhere. Cities in other regions have now also set electrification targets, including
London, Amsterdam, and Oslo. These governments should look to China for lessons on how to
electrify quickly, as well as learn from past mistakes.

The Chinese political context enables rapid policy implementation, and electrification will likely
proceed more slowly in other regions. Most of the same challenges and policy recommendations
still apply, but a more gradual transition introduces another barrier related to driver equity. When
all vehicles are electric, they will need the same amount of downtime to charge, and so have the
same opportunity to earn revenue. In contrast, while there are some ICEVs remaining, they may
earn more revenue than BEVs that must go to charge. As such, it is likely that TNC companies
will need to cross-subsidize BEV vehicles, or schedule charging sessions more carefully.
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On the other hand, a more gradual electrification timeline offers the advantage of allowing
drivers to opt in based on how amenable their driving habits are to electrification; e.g., those who
drive full-time and those who lease vehicles specifically for TNC driving will be likely to adopt a
BEV before part-time drivers and those who use their own vehicle. Furthermore, while TNC
driving is largely concentrated in urban areas, there are also TNC operations in lower density
areas, which may prove more difficult to electrify due to the larger requirement for charging
infrastructure; these operations can be given lower priority.
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Figure 70. Taxis waiting to charge at Minle station in Shenzhen on July 30, 2019. As shown in the inset, at the same
time there were over 100 taxis waiting to charge, a popular charging app by automaker BYD showed 49 available
charging ports, suggesting that vehicle data may be necessary to provide real-time charging availability. Minle
station is the largest charging station in the world, with over 500 fast chargers,*'* and drivers see it as more reliable
than other smaller stations, leading to disparities in usage rates and long queuing times.

Solutions

While important, adequate infrastructure supply does not ensure efficient charging operations.
As shown in Figure 70, and discussed in the previous chapter, taxis in Shenzhen often wait over
30 minutes to enter charging stations, despite real-time charging apps that show plenty of
availability. Downtime for charging currently costs drivers US$15/day, more than the cost of
electricity itself. A few large charging stations receive a disproportionate share of charging
demand, while most other charging stations are not economically viable.

As discussed in the previous chapter, my research has showed that this inefficiency is largely due
to a lack of data: without proper information on the best places and times to charge, drivers tend
to charge at large stations right before they end their shifts, during afternoon peak demand. The
authors found that providing drivers with complete information including forecasts of trip
demand could reduce revenue losses by up to 90%, and even just providing accurate information
on queues at each charging station could reduce overall queuing time by half. As shown in
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Figure 68d, the combined cost reductions of fleet management in Shenzhen could reduce
operating costs by almost 50%, from 130% of the cost of ICEVs to 66%.

Whether to coordinate shift changes and minimize downtime for charging, or to minimize battery
range requirements, data are essential. To ensure electrification programs succeed, governments
need to start building public data platforms to host several critical datasets, including vehicle
trajectories, charging station availability and location, and potential charging location costs.

In the planning stage, charging companies should have access to aggregated vehicle trajectory
data and grid capacity availability data from power grid operators to predict optimal station
locations. Charging companies currently waste significant resources searching for the best sites
for charging stations; many studies have developed methods to optimize the siting of charging
stations,13:162.192.193 byt all require data for proper implementation. In the operational stage,
charging station status (i.e., number of plugs available and occupied and estimated time until
free) should be aggregated across operators and integrated with vehicle trajectories to provide
drivers with an accurate measure of expected wait time at each charging station. Public agencies
should also actively monitor charging behavior to identify context-dependent barriers, such as
those found in Shenzhen. In the longer term, such data can enable MODYV service operators to
provide drivers with recommendations for where and when to charge, minimizing electricity
prices and grid capacity constraints, downtime for charging, and requirements for battery range.
Note that coordinated charging does not require the fleet to be operated by a single company
with monopoly power; as long as all operators and drivers have the data necessary to forecast
total trip demand and charging availability, several operators working independently could still
conduct their own operations more efficiently.

MODV service operators rarely give up data easily,?'> but electrification targets provide a
powerful justification for data transparency. In Shenzhen, BEV incentives were tied to providing
vehicle trajectory data as part of a broader modernization effort, and in California, the state
government successfully requested vehicle trajectory and trip data from TNCs to establish a
carbon footprint baseline.?'® These strategies suggest that not only can smart data policy enable
electrification, but electrification policy may facilitate mobility data collection as well. Another
option could include offering subsidized BEV leases for vehicles equipped to transmit data.

But acquiring data is not enough; policy must also ensure that this data is accessible to key
stakeholders, including charging infrastructure developers and operators, along with third-party
software developers providing services for efficient fleet operation. While real privacy concerns
exist, fleet data is also much less sensitive than data from personal vehicles, and data can be
aggregated to the intersection or census tract level to ensure anonymity without reducing
benefits. Another possibility would be increasing consumers’ access to their data and notification
of data collection, as mandated by the European Union’s General Data Protection Regulation.?!’
Several cities around the globe already collect TNC trip data (e.g., Toronto, Mexico City, Sao
Paolo), in some cases also publishing parts of it publicly (e.g., Chicago, NYC);?!8 it is not hard to
imagine expanding these existing regulations to aid charging infrastructure development and
operation.
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Policy recommendations and spill-over effects

MODYV companies have increasingly relied on treating their drivers as independent contractors to
minimize labor costs, which means they have a strong incentive to refrain from interfering with
how their drivers perform their work.?!® For example, directing drivers to charge at times with
relatively low trip demand or collecting data on vehicle state of charge could violate the
independent contractor relationship, exposing service operators to legal action. Depending on the
implementation strategy, there could be ways to circumvent these risks (e.g., only providing
drivers with information on charger availability and forecasted demand), but such complications
add another barrier to effective MODYV electrification.

Policymakers should reform these policies to increase certainty in the relationship between
MODYV companies and their drivers. In September 2019, California passed a law??° that requires
TNC and taxi drivers to be treated as standard employees, thus eliminating any uncertainty. An
under-appreciated consequence of the law (still under dispute) is that TNCs will now be allowed
to direct drivers in between trips, as well as own and maintain vehicles in the same way as other
fleet operators. While other strategies exist, this law could serve as a template for other
governments around the world seeking to promote both labor equity and MODV
decarbonization.

Once real-time MODYV data become available, its value extends far beyond electrification itself.
By shedding light on where people want to go, vehicle trajectory data can enable cities to start
integrating MODYV operations with innovative mobility services, such as bus rapid transit,
bikesharing, and scooter sharing. Present-day public transit systems are designed to provide
access to passengers arriving by foot or bike, making it challenging to integrate with vehicle
fleets, but future systems could locate stations near highway on-ramps and parking lots to
optimize such integration. Areas with a high density of on-demand trips may be better-served by
vanpools, while areas with many short trips would be ideal for bike and scooter placement.
Private companies have access to such data but have little incentive to reduce energy
consumption or congestion. Figure 71 summarizes the linkages among policy levers, direct and
indirect impacts, and outcomes.
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Figure 71. Flow chart depicting the impact of proposed policies to support fleet electrification.

More broadly, open data platforms with vehicle trajectory data encourage a wide swath of smart
urban mobility strategies. For example, as more cities move to establish low-emissions zones
(emulating London),??! they will need to understand how much pollution and congestion is
caused by each vehicle type across space and time. Data analysis could also inform policies
designed to incentivize higher vehicle occupancy, for example through dynamic ride pooling.
Ultimately with AVs, all these issues will become magnified, but much harder to regulate once a
constituency becomes entrenched. Recently, cities have also started using taxi data to inform
contact tracing and isolation efforts to help fight the COVID-19 pandemic; this public health
feature will become increasingly important as the globe prepares for future waves of the novel
coronavirus or other pandemics.???

Urban mobility has entered a period of rapid change, and MODYV services may come to dominate
the sector over the next several decades. This development carries the risk of increased
congestion, pollution, unequal access, and increased carbon emissions. However, it also presents
a massive opportunity for both decarbonization and smart urban mobility. When managed
properly, BEVs can serve on-demand mobility at lower cost than fossil fuel vehicles with today’s
technology and provide grid benefits with coordinated charging. Strong political will targeted at
MODV electrification can produce a cascade of positive spillover effects, but it will require
carefully designed policies targeting both data and labor regulation to succeed.
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Summary

In sum, this dissertation shows how MODYV services are ripe for electrification. Not only does
BEV technology lend itself to fleet services, but it is feasible with current technology. With
small improvements in operations, current projects could eliminate revenue losses due to
charging, while facilitating development of smart urban mobility and rapidly reducing
transportation emissions and air pollution.

In particular, Chapter 1 shows that battery range will not be the main obstacle for SAEV fleets.
Currently available ranges more than suffice, and significant cost savings could result from
reducing battery range from current levels. Chapter 2 shows that the cost of charging
infrastructure is a relatively small fraction of the total cost of an electric, ride-sourced trip,
indicating that it might be prudent to slightly overbuild capacity to ensure high-quality service. It
also shows that drivers have sufficient idle time to charge during their shift without losing
revenue. Finally, in Chapter 3 I extend this result to current operations in China, showing that
reduced revenue from BEVs results from irrational charging behavior that can be mitigated by
simple software and policy interventions.

This dissertation also furthers theory and methodology in several ways. Chapter 1 describes the
development of a new modeling technique with broad application, involving an abstraction of
agent-based modeling to allow for retrospective optimization based on simple heuristics. In this
chapter, I also develop a method to optimize fleet size to minimize total costs based on battery
degradation and vehicle mileage. Chapter 2 shows how these models can be applied to a variety
of real-world scenarios by integrating several different data sources and converting them to a
uniform format that serve as inputs to the model, thus developing a general technique for
planning MODYV electrification. I also develop a theoretical approach to estimating charging
infrastructure requirements based on wage rates and vehicle speeds, and a modeling approach to
test the impact of different operational strategies. Finally, Chapter 3 shows the value of
combining qualitative analysis from semi-structured interviews with quantitative results from
machine learning and statistical analysis to produce insights that neither approach could have
produced alone. This mixed-methods approach is relatively uncommon in the field of
transportation engineering and my dissertation shows it is a promising avenue for future work.

These results suggest that goverments must act quickly to set firm electrification targets and
establish citywide open data platforms to integrate real-time data on vehicle trajectory, battery
charge, and charger availability. Regulators must also ensure that fleet operators provide drivers
with training on best charging practices. In turn, digitization enabled by fleet electrification holds
the potential to enable a host of smart urban mobility strategies, including integration of public
transit with innovative transportation systems, emission-based pricing policies, and smart
charging to facilitate uptake of renewable energy generation. As cities worldwide seek to fully
electrify MODV services, this analysis has large-scale implications for decarbonized, cleaner
urban areas.
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Limitations and directions for future research

This dissertation has focused primarily on questions related to fleet operation, leaving several
key areas for future research. First, while each chapter successively adds greater real-world detail
related to driver behavior and operational barriers, future work should address these questions in
more detail. For example, how do drivers decide where and when to relocate in between trips?
How do they decide where and when to charge, including factors like amenities (e.g. food and
rest areas), brand loyalty, and neighborhood location? Aside from conducting modeling based on
data, it will be crucial to conduct pilot projects to study the real-world impact of various
operational strategies and interventions.

Another important direction for future research is in the area of market dynamics. What are the
bottlenecks in vehicle supply, and how does the fleet market intersect with the private BEV
market? Finally, while my cost models largely assume amortized costs for newly purchased
vehicles, the used vehicle market may provide opportunities for reduced costs and deserves
further study. The same could be said of second-life applications for batteries after use in MODV
services, as well as for alternative ownership models. For example, although short-range BEVs
may not readily serve all of drivers’ personal trips, leasing or renting vehicles for ridesourcing is
already common, and deserves greater study. Finally, future work should incorporate dynamics
of a fleet that changes over time with the introduction of both electric and automated vehicles.

While addressed in some detail, questions related to electricity infrastructure and markets also
deserve further investigation. For example, it will be crucial to plan charging infrastructure in
accordance with distribution grid capacity limitations, and operating fleets to simultaneously
provide grid services could increase revenue while decreasing carbon emissions; future modeling
should incorporate the trade-offs imposed by these factors. Meanwhile, other types of BEVs like
private vehicles and logistics vans may compete for public charging resources, so future work
should incorporate analysis of electric vehicles not involved in MODV services. Many of these
issues could be addressed through obtaining and integrating additional sources of data, including
real-time data from existing charging stations, more detailed analysis of driver shift change times
and locations.

All of these questions relate to market supply, and future work should also include analysis of
impacts on consumer demand for MODYV services. For example, most of my analysis assumes
exogenous demand, but if costs fall dramatically as projected with electrification and automation,
demand for MODYV services will likely skyrocket. If SAEV's then begin to replace other modes
of travel, empty miles may lead to increased congestion, which also deserves further study. I
have addressed these issues through conservative assumptions (e.g. including a 10-minute wait
time buffer) and conducting a range of scenarios ranging from the island of Manhattan to entire
cities in both China and the United States, to developing a model to extrapolate key parameters
for the entire country. Nonetheless, all of these issues merit further study.

In turn, changes in VMT could have important implications for climate change, air pollution, and
travel times. While my work focuses on the electrification of motorized transportation, future
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research must also include analysis of other transportation modes, including shared
micromobility, active transportation, and mass transit. Future work should compare these various
travel modes across a range of parameters — including carbon intensity, energy consumption and
speed — and identify strategies for shifting demand to a more desirable mix of travel modes,
while also reducing the need for mobility through reforms in housing and urban development
policy.

More importantly, future work should study not just how many passengers MODVs will serve
but whom. In particular, as discussed in the introduction, MODYV services hold the potential to
reduce structural inequality in the transportation system by reducing the dominance of private
vehicles that leads to prohibitively high upfront costs. However, companies may not necessarily
serve all customers equally, and future research should analyze the impact of different
operational strategies on rider equity. For example, machine learning algorithms that account for
users’ names, neighborhood, gender, race, etc. can easily perpetuate existing inequalities.
Especially in areas with high levels of segregation, fleets that prioritize wealthier areas will
exclude marginalized groups, not only through the spatial distribution of vehicles but also by
disproportionately serving times of day when wealthier users are travelling; disadvantaged
groups that travel more at off-peak times may experience lower quality of service. In turn, the
spatial distribution of mobility services will determine the impact electrification has on local air
pollution, so future research should identify ways to ensure that operation serves areas with high
levels of air pollution, especially those where pollution is a consequence of discriminatory
governmental policy in need of legal remedies.

There are also a variety of barriers beyond fleet operation that have a disparate impact on already
disadvantaged MODYV users. People with limited or nonexistent access to banking services
currently experience difficulties accessing MODYV services, as do those without smartphones, or
with a physical or cognitive disability. Meanwhile, users with fewer transportation options and
educational resources are more vulnerable to a variety of forms of exploitation, including
discriminatory pricing, predatory lending, and data privacy violations. Each of these issues
deserve further study, including evaluation of possible policy interventions to ensure equal
access.

Finally, while this dissertation focuses on vehicles and fleet operation, MODV services would
not exist without drivers willing to provide their labor, and there are a number of issues
regarding labor rights and equity that require further study. As the recent controversy
surrounding TNC drivers’ independent contractor status shows, all too often these drivers do not
earn a living wage, and have little ability to negotiate the conditions of their employment. Given
the complex costs of vehicle ownership and operation, it is unclear the extent to which new
drivers accurately understand their total earnings, or the extent to which MODV companies take
advantage of this lack of transparency when marketing to potential new drivers. Without careful
implementation, MODYV services also threaten incumbent technologies, including the taxi
industry and public transit, both of which are important sources of stable employment. Future
research should include holistic evaluations of MODV services’ impact on equity, including both
drivers and riders.
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