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ABSTRACT

In 2010, the United States faced $242 billion in economic costs due to motor vehicle
accidents. This includes the costs of over 30,000 fatalities, 4 million injuries, and 24 million
damaged vehicles. If the costs were expanded to include quality-of-life evaluations, the negative
impact of car crashes in the U.S. in 2010 came close to $1 trillion. Year over year, these costs
continue to be faced as total vehicle miles traveled increase and accident rates hold steady.
Today, society is at a pivotal point where new advancements in technology have the
ability to reverse this trend for good. Over the next forty years, there will be a rapid rise in the
development and adoption of self-driving vehicles. This new technology will have implications
across the economy that are not just limited to the loss of driving occupations. One of the less
considered impacts on the economy from autonomous vehicles (AVs) is the reduction in car
accidents. Studies have shown that 93% of accidents stem from human error. As adoption levels
of AVs increase over time, the number of accidents will begin to decline drastically with less
people behind the wheel.
The current legislative and regulatory landscape has become increasingly more in favor
of AVs and should allow for AVs to enter the market by 2020. The next large question that needs
to be answered is should the government support initiatives to increase AV adoption and if so
how. This thesis develops a model to predict AV adoption rates over the next four decades with
and without a federal mandate declaring all new vehicles sold after a certain date must be
autonomous. Forecasts of vehicle miles traveled, average cost per accident, and accident rates are
then applied to estimate how substantially a mandate would reduce total accidents and their
associated costs.
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Chapter 1
Introduction

Modern Vehicles
The United States has had a long history with automobiles dating back to the late 19 th
century. Initially, automobiles were considered a luxury good with vehicles by Duryea Motor
Wagon Company, Oldsmobile, and Cadillac predominately being purchased by the wealthy. This
changed in 1908 when Henry Ford introduced the Model T. With Ford’s use of assembly lines
and interchangeable parts, automobiles transformed from a luxury good for the wealthy into an
affordable good accessible to the middle class. From its introduction in 1908 to 1927, over 15
million Model Ts were manufactured and sold. Additionally, many other manufactures 1 began
entering the market offering a greater selection of affordable automobiles beginning the era of
the modern automobile (Foellmi, Wuergler, & Zweimüller, 2014).
Undoubtedly, the introduction of automobiles has had a large positive impact on the
American economy. Automobiles freed Americans of their geographical limitations allowing
cities to expand into suburbs and for trade to increase across the country. However, automobiles
have also come at a great cost to both the environment and our safety. This thesis will focus
specifically on the negative impact of automobile accidents.

1

General Motors, Chevrolet, Lincoln, Dodge, Mercury, Chrysler
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Car Accidents Overtime
It is important to note that although the total economic and societal impact of car
accidents in the United States has been increasing overtime, this is driven by increases in the
total number of miles driven not declines in automobile safety. Over the last 100 years,
developments in car design, government regulation, and infrastructure have allowed for
automobiles to become an increasingly safer mode of transportation.
This increase in automobile safety is best displayed by the fatality rate per hundred
million vehicle miles traveled. The National Highway Traffic Safety Administration (NHTSA)
reports there was 1.18 fatalities per hundred million vehicle miles traveled in 2016. Although
1.18 represents a large number of deaths due to the high number of total miles traveled, this is
down from 24.09 fatalities per hundred million miles traveled experienced in 1921, the first year
NHTSA reports this metric (“Fatality Analysis,” n.d.). If the 1921 fatality rate was experienced
at the 2016 level of miles driven, there would have been over 750 thousand fatalities due to car
accidents.

Figure 1. Miles Driven and Vehicular Deaths 1921 to 2016 (“Fatality Analysis,” n.d.)

3

Figure 1 displays how rapidly the use of automobiles increased over time and the
corresponding number of vehicular deaths. This reveals again that increases in total miles driven
do play a role in the number of fatalities; yet, it is clear that increasing safety has to be playing a
large role. Today, the US experiences similar numbers of vehicular deaths seen during the 1930’s
with over ten times the number of miles driven.

Figure 2. Miles Driven and Fatality Rate 1921 to 2016 (“Fatality Analysis,” n.d.)

Figure 2 displays how substantially the safety of automobiles has increased in this period
of time. This is a result of both advances in vehicular safety design as well as government policy.
Some notable development occurring over this period of time are include headrests, seat belts,
crumple zones, airbags, and an increasing number of federal regulations mandating these features
for new vehicles. It is clear that early safety feature development played a huge role in the
declining fatality rate, but over time new developments have not made as substantial of a
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difference. More recently, the fatality rate has remained relatively stable at around 1.1 fatalities
per hundred million miles traveled.
The plateau in this fatality rate is likely due to what could be considered the systematic
risk of automobiles: humans. A majority of the developments in car safety over the last hundred
years have been aimed at making automobiles better protect their passengers should they be in an
accident. Few improvements on the car side have been catered towards reducing the number of
accidents. The government has created traffic laws to better control this human element of car
accidents, but it is clear that they can only go so far in promoting safe driving behaviors.
Currently the NHTSA estimates that 94% of car accidents are contributed to driver error, the
remaining 6% is comprised of vehicle component failure and weather conditions (“Critical
Reasons for Crashes,” 2015). The clear next step for car safety is to tackle the human error side
of automobiles and this is where autonomous vehicles (AVs) enter.

Current Regulatory Environment
Up until recently, one of the darkest clouds hanging over the future of AVs was the
current United States regulatory environment. The current landscape for AV regulation is highly
fragmented with differences between individual states, the federal government, and regulatory
agencies.
In the absence of federal laws regulating the testing and sale of AVs, 21 states have
passed their own unique AV legislation and nearly all of the remaining states are in the process
of creating their own (“Autonomous Vehicles,” 2018). The large number of unique AV laws in
place has made navigating the legality of AVs incredibly difficult for companies developing the
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technology. Presently, these companies’ cars may be perfectly legal in one state but outlawed in
others. Not only does this hinder the testing of these vehicles but if this is not resolved prior to
the market release of AVs it is possible that AV owners will not be able to drive across state
lines.
Towards the end of 2017, both the House of Representatives and the Senate began
making progress on AV bills. On September 6th, the House of Representatives passed the Safely
Ensuring Lives Future Deployment and Research In Vehicle Evolution (SELF DRIVE) Act
(“Autonomous Vehicles,” 2018). The SELF DRIVE Act’s goal is to encourage further AV
development and provide an initial regulatory environment. The bill blocks states from banning
AVs, exempts a company’s first 100,000 AVs from existing safety standards, and requires AV
manufacturers to develop plans to thwart cyber-attacks (“H.R. 3388,” n.d.). The senate version of
the bill, the American Vision for Safer Transportation Through Advancement of Revolutionary
Technologies (AV START) Act is still in committee but has the same goals as the SELF DRIVE
Act with a few slight differences. The first is that trucks are excluded in the bill, presumably to
simplify the passage of the bill since trucking faces larger political opposition. The second is that
it does not discuss data privacy (McCormick, 2017). This marks the beginning of congress taking
AV seriously and is an indication that AV entrance into the market will be supported.
Lastly, the Department of Transportation and specifically the NHTSA has been
supporting AV development since early 2013. The NHTSA has recently updated its AV
guidelines with its report Automated Driving Systems: A Vision for Safety. The NHTSA sees
AVs as one of the key elements in continuing to meet its mission of “Save lives, prevent injuries,
reduce vehicle-related crashes.” The NHTSA has committed to investing $4 billion over the next
decade to help accelerate the development and adoption of AV (“Autonomous Vehicles,” 2018).
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Additionally, in October 2016 the NHTSA, in partnership with the National Safety Council,
launched the Road to Zero initiative whose goal is to eliminate all traffic fatalities by 2050. To
do this, the Road to Zero is relying heavily on the development and adoption of AVs (“Road to
Zero Coalition,” n.d.).

Paper Goals
With the newly optimistic regulatory environment for AV, the future is bright for the
safety of our roads. Due to the previously ambiguous regulatory environment, research on car
accident reduction has been mainly focused on the acceleration or delay of AVs’ introduction in
the market. Now that the market entrance appears to be receiving government support, the next
logical step is to analyze the ways in which the government can increase AV adoption in order to
reduce the impact of car accidents as much as possible. There are many ways in which the
government can do this including subsidies, development grants, and a federal mandate. This
paper will focus specifically on the impact of a government mandate declaring that all cars sold
after a certain date must be autonomous.
To do this, this paper will work towards developing two models of AV adoption: one
with and without a federal mandate. Additionally, this paper will look into the average cost per
car accidents, car accident rates for both non-autonomous and autonomous vehicles, and
projections of future total miles driven. All these variables will be combined together in our
model to calculate the total economic and societal costs for both adoption cases and compare the
two in order to see how substantial of an impact the federal mandate would have.

7

Chapter 2
Average Costs of Automobile Accidents

Total Cost
The most recent analysis of the economic and societal impact of automobile accidents
published by the NHTSA was released in 2015 on the 2010 United States car accident data. In
this analysis, the NHTSA estimates the economic cost of motor vehicle accidents at $242 billion.
This cost represents the present value of lifetime economic costs that are a result of the 32,999
fatalities, 3.9 million non-fatal injuries, and 24 million damaged vehicles with 2.97 billion miles
driven. This represents a rate of 1.11 fatalities per hundred million miles driven (Blincoe, Miller,
Zaloshnja, & Lawrence, 2015).
A breakdown of the components of the $242 billion in total economic costs calculated is
shown in Figure 3. The figure reveals that the economic costs are more widespread than just
property damage and that many other aspects of the economy are also indirectly affected. An
additional $594 billion in societal costs are contributed to these accidents when quality-of-life
evaluations are considered. This brings the total economic and societal cost of car crashes in
2010 to $836 billion (Blincoe et al., 2015).
A full economic and societal cost analysis has not been conducted for more recent years;
however, both the number of vehicle miles traveled and fatalities have increased to 3.17 trillion
miles and 37,461 fatalities in 2016. This represents a rate of 1.18 fatalities per hundred million
miles driven. The total number of car accidents for 2016 has not been published 2, but the total is

2

It takes the NHTSA two to three years to consolidate each states accident data.
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expected to increase as it has done in the past with similar increases in total miles driven
(“USDOT Releases,” 2017). These increases indicate that the negative economic impact of car
accidents has increased over the last 7 years.

Figure 3. Breakdown of 2010 Total Economic Costs of Automobile Accidents
(Blincoe et al., 2015)

Total Number of Accidents
The total costs described in the previous section were based on the total number of police
reported accidents as well as the estimated number of unreported accidents. The crashes were
divided into three categories: fatal, injury, and property-damage-only (PDO). Table 1 shows the
breakdown of each of these categories. Ultimately, the NHTSA determined that the $836 billion
in economic and societal costs to the US in 2010 was a result of 13.6 million car accidents
(Blincoe et al., 2015).
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Table 1. 2010 Accident Breakdown (Blincoe et al., 2015)
Police-reported

Not Police-reported

Total

Percent of Total

Fatal

30,296

0

30,296

0.22%

Injury

1,791,572

1,178,391

2,969,963

21.89%

PDO

4,255,495

6,310,019

10,565,514

77.88%

Total

6,077,363

7,488,410

13,565,773

100%

Average Cost
Naturally, the three categories of car accidents in table 1 vary substantially with the
average cost per accident. Fatal accidents can result in millions of economic and societal losses
while PDO accidents can be as low as a few hundred dollars with injury-only accidents falling
somewhere in between. Intuitively, this means that for modeling purposes it would make sense to
develop three average costs per accident; conversely, though because the percentage of each type
of accident experienced is relatively stable over time 3 an average cost for all accidents will be
applicable in the model being developed.
Retrieving the average cost per accident figure is fairly simple; take the total costs and
divide by the number of accidents. In doing so, we get an average economic cost per accident of
around $17,800 and an additional $43,800 in societal costs per accident. The high averages
clearly show that the fatal and injury-only accidents are driving up the total average cost.

3

This will be further substantiated in chapter 4 with recent historical data.
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Future Average Cost
In order to best be able to model the future average cost per car accident, it is worth
looking into how the costs have increased over time. Prior to the release of the NHTSA report
detailing the cost of car accidents in 2010, the last year analyzed was 2000. For the year 2000,
the NHTSA determined there was a total of 16.4 million car accidents whose economic impact
totaled 230.6 million in economic costs (Blincoe, Seay, Zaloshnja, Miller, Romano, Lutcher, &
Spicer, R, 2002). This averages out to a cost of around $14,100 per car accident.
Although the total economic cost of accidents only increased by 5% over the ten-year
period between reports, this was driven by declines in the total number of accidents. The average
economic cost per accident over this period of time increased by 26.5%. This represents a 2.38%
compound annual growth rate. This 2.38% growth will be used to estimate the economic costs in
the model utilizing the formula below.

𝑨𝒗𝒆𝒓𝒂𝒈𝒆 𝑬𝒄𝒐𝒏𝒐𝒎𝒊𝒄 𝑪𝒐𝒔𝒕 𝒑𝒆𝒓 𝑨𝒄𝒄𝒊𝒅𝒆𝒏𝒕 𝒊𝒏 𝒀𝒆𝒂𝒓 𝑻 = $𝟏𝟕, 𝟖𝟎𝟎 × 𝟏. 𝟎𝟐𝟑𝟖𝑻−𝟐𝟎𝟏𝟎

Utilizing the 2.38% growth rate should be conservative for forecasting future economic
costs. This is because the largest economic cost drivers detailed in figure 3 are property damage,
market productivity, and medical costs. Historically, these costs have been growing at above 3%
and it is expected they will continue to do so moving forward.
The report detailing the costs for 2000, did not go as far into societal impacts as the 2010
report and did not provide a total societal cost. As a result of this, we are unable to calculate the
growth rate in societal costs for this period of time. However, the societal impact of car accidents
is mainly driven by the statistical value of a life with the entire amount being lost in the case of
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fatal accidents and partial losses with quality of life impacting injuries. In this model, we will use
the same growth rate as economic costs to be conservative, although the 2010 NHTSA report
assumed a 3% growth. The formula used for societal costs is below.

𝑨𝒗𝒆𝒓𝒂𝒈𝒆 𝑺𝒐𝒄𝒊𝒆𝒕𝒂𝒍 𝑶𝒏𝒍𝒚 𝑪𝒐𝒔𝒕 𝒑𝒆𝒓 𝑨𝒄𝒄𝒊𝒅𝒆𝒏𝒕 𝒊𝒏 𝒀𝒆𝒂𝒓 𝑻 = $𝟒𝟑, 𝟖𝟎𝟎 × 𝟏. 𝟎𝟐𝟑𝟖𝑻−𝟐𝟎𝟏𝟎

For the context of this paper, economic and societal costs represent two unique sets of
costs. Technically, economic costs would be considered a part of societal costs but for this model
we have made the two groups mutually exclusive to better analyze the impact of each. The true
societal cost would be both the economic and societal costs calculated summed together.
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Chapter 3
Autonomous Vehicle Adoption

Market Entrance
Unlike the Model T, autonomous vehicles are unlikely to abruptly enter the market and
transform it overnight. Instead, each year new models of cars will begin to have an increasing
number of autonomous features until eventually the cars will be fully autonomous and are able to
navigate from point A to point B with no driver assistance.
SAE International, a professional association that develops standards for engineering
professionals, defines the five different levels of vehicle automation. These standards have since
been adopted by the Department of Transportation (DoT) and the NHTSA. The five levels are
outlined in Table 2. The levels show that as AVs develop, the role of the driver will move from
fully controlling the vehicle, to monitoring the vehicle, to then giving full control over to the
vehicle.
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Table 2. Levels of Vehicular Automation (Faheem, 2017)
Level
0

Title
Driver Only

•
•

1

Driver
Assistance

2

Advanced
Driver
Assistance

•
•
•
•
•

3

Advanced
Driver
Assistance

•
•
•

4

Highly
Automated

•
•

5

Fully
Automated

•

Description
Driver is responsible for the vehicle. Controls lateral and
longitudinal movement at all times.
System may provide alerts and warnings when driver fails to
exercise proper control.
Driver is responsible for the vehicle. Controls lateral and
longitudinal movement at all times.
System can support lateral OR longitudinal control.
Driver is responsible for the vehicle. Controls lateral and
longitudinal movement. May hand some control over to the
system.
Must actively monitor system performance and retake full
control where necessary.
System can control lateral or longitudinal movement in
specific use cases.
Driver is responsible for the vehicle. Controls lateral and
longitudinal movement. Can hand full control to the system.
Must actively monitor system performance, retaking controls
as necessary.
System can control lateral AND longitudinal movement in
specific use cases. Where system exceeds performance limits,
it will hand control back to the driver.
Driver is only responsible, and exercises control when the
system is not in use.
System can control lateral AND longitudinal movement in
specific use cases. It will not require driver intervention during
this time.
System can control lateral AND longitudinal movement in all
use cases. Driver intervention is not needed.

Roads today are comprised of a mix of automation levels 0 to 2. Level one features such
as parallel parking, cruise control, and obstruction warning are common on many new vehicles.
Some luxury car manufacturers have begun offering level 2 features such as automated lane
guidance, accident avoidance, and driver fatigue detection. Google and Uber have driven
hundreds of thousands of miles with level 3 and 4 automated vehicles on specifically mapped
routes with human drivers at the wheel to take control if necessary (Litman, 2017). Automobiles
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with automation levels 4 and 5 are already in development by numerous companies including
Audi, BMW, Cadillac, Ford, Google, GM, Mercedes-Benz, Nissan, Toyota, Volkswagen, and
Volvo. Specifically, Nissan and Volvo have announced they intend to have commercially viable
autonomous vehicles by 2020. With prices drops in the years following AVs introduction to the
market, fully AVs may be available to the mass market as early as 2020 to 2025 (Fagnant &
Kockelman, 2015).

Market Penetration
There is an abundance of literature predicting the market penetration of AVs following
their introduction to the market. There are four different types of these predictions. The first
analyzes previous automobile developments and their historical market penetration to
qualitatively predict AV adoption. The second focuses on the benefits of AVs and customers
perceived value through surveys to predict adoption. The third utilizes a more mathematical
approach with diffusion models to show how AVs will penetrate the market. Lastly, the fourth
kind of predictions are from the industry itself from various automobile manufacturers and
financial institutions. These final types of predictions typically do not go in depth on their
projection method but are still valued by investors. This section of the paper will explore the
highest regarded papers in each of these categories and their findings, then will compare and
contrast to ultimately find the most likely prediction.
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Historical Based Predictions
One of the most sited studies on AV adoption is by Todd Litman with the Victoria
Transport Policy Institute. In this study, Litman analyses five previous vehicle technologies and
their adoption over time: automatic transmissions, air bags, hybrid vehicles, subscription vehicle
services, and vehicle navigation systems. These five technologies represent a wide variety of
deployment cycles, cost premiums, and market saturations. The comparison between them
revealed that new technologies take decades to reach their market saturation and, unless the
government mandates a certain feature, few become universal. AVs are the closest to automatic
transmissions with increasing performance and decreasing premiums over time as well as a high
levels of market saturation (Litman, 2017).
Additionally, Litman examined vehicle turnover. Median vehicle operating lives
increased from 11.5 years in 1970 to 16.9 years in 1990. The lives of current vehicles are not yet
known but based on historical increases new cars may have upwards of 20-year lifespans. Long
vehicle lifespans result in it taking three to five decades for new technologies to penetrate 90% of
operating vehicle fleets. Interestingly, AV adoption may be higher in developing countries who
are expanding their fleet size since that is not inhibited by existing cars like they U.S. market
(Litman, 2017).
Table 3. Victoria Transport Policy Institute Predictions (Litman, 2017).
Stage

Decade

Available with large price premium
Available with moderate price premium
Available with minimal price premium
Standard feature included on most new
vehicles

2020s
2030s
2040s
2050s

Vehicle
Sales
2-5%
20-40%
40-60%
80-100%

Vehicle
Fleet
1-2%
10-20%
20-40%
40-60%

Vehicle
Travel
1-4%
10-30%
30-50%
50-80%
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The final predictions are shown in Table 3. Litman believes that fully AVs will be
available and legal to drive in 2020 but will have limited performance and operability as well as
high price premiums resulting in little vehicle sales. Then as performance improves and costs
decline in the coming decades, sales will increase until ultimately AVs reach a high level of
market penetration due to the great number of associated benefits with the technology (Litman,
2017). The inclusion of the vehicle fleet and vehicle travel of AV in these predications will better
allow for an analysis of increased road safety.

Consumer Preference Based Predictions
The study titled “Forecasting Americans’ long-term adoption of connected and
autonomous vehicle technologies” from the University of Texas at Austin conducted an in-depth
survey of consumers’ willingness to pay for individual automation tasks. This survey contained a
variety of questions in regard to the respondents’ vehicle ownership history, vehicle preferences,
and demographics. On top of this, the survey had respondents report their interest in and
willingness to pay for individual pieces of automation technology as well as their aggregated
willingness to pay to add level 3 and 4 automations. The data collected was then able to be used
to run scenarios on AV adoption based on future increases in consumers’ willingness to pay and
the cost reduction in AV technology.
For both level one and two automation technologies, the respondents expressed little
willingness to pay for nearly all of these technologies. Roughly 30-50% of respondents were not
willing to pay anything to add technologies such as electronic stability control, lane centering,
left turn assist, adaptive cruise control, blind-spot monitoring, and emergency automatic
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breaking. For the consumers who did report a willingness to pay, the projected cost of these
technologies in 5 years was greater than the average willingness to pay for all of the technologies
except electronic stability control (Bansal & Kockelman, 2017). If price projections hold steady
and consumers’ willingness to pay remains the same, these results show little adoption of these
technologies over the next five years.
Similar findings held true for level 3 and 4 automations. 55.4% of respondents expressed
not wanting to pay anything for level 3 automation and 59.7% for level 4 automation. The
averages of respondents willing to pay for these technologies were $5,470 and $14,196
respectively (Bansal & Kockelman, 2017). Again, this willingness to pay does not exceed current
AV technology prices and limits adoption in the short run. However, researchers are quick to
point out that the shortfalls in willingness to pay are likely are result of respondent’s inability to
conceive a world in which AVs are abundant and many are likely to have concerns about the
technology’s reliability until more information about AVs enters the public domain. Once
consumers learn of the increased reliability and safety of autonomous vehicles, their willingness
to pay will likely begin to increase as the technology costs begin to decrease (Bansal &
Kockelman, 2017).
The study built out a transaction decision model for AV technologies to estimate over
time each their adoption rates. The researchers inputted eight unique scenarios in to this model
including those with annual increases in willingness to pay ranging from 0 to 10%, annual
technology cost reduction rates of 5 to 10%, and government regulations. These models show
that 98% of the US vehicle fleet will have electronic stability control by 2025 and vehicle
connectivity by 2030 under expected NHTSA regulations. These regulations accelerate these
technologies adoption rates by 15-20 years. Additionally, these models show that with at least a
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10% annual increase in willingness to pay and a 10% annual decrease in prices all level one
technologies will see 90% adoption rates by 2045. For more advanced automation levels the
scenarios forecast a wide range of possibilities. Level four AV adoption in this model ranges
from 24.8% by 2045 if current perceptions and willingness to pay remain the same and
technology cost declines by 5% annually to 87.2% adoption if willingness to pay increases 10%
annually and technology cost declines by 10% annually. Researchers are quick to note that
willingness to pay could go a variety of directions in the future and it is possible that as the
technology becomes proven it could increase by more than 10% a year. Or inversely, a wellpublicized tragedy involving AVs could actually decrease future willingness to pay4 (Bansal &
Kockelman, 2017).

Diffusion Model Predictions
Similar to the Victoria Transport Policy Institute’s study, the paper “Market Penetration
Model for Autonomous Vehicles on the Basis of Earlier Technology Adoption Experience” out
of Florida International University seeks to predict AV adoption based on previous technologies’
adoption rates; however, this paper utilizes non-automobile related technologies and a more
mathematical approach in its predictions.
This paper utilizes a generalized Bass diffusion model to predict the cumulative sales of
AVs over time. The rationale behind the use of this model is that new product adoption typically
follows an S-shaped curve where the slope at any given point on the curve is the new
technology’s adoption rate. This makes intuitive sense. New technology adoption typically starts
4

On March 19th, 2018 an Uber AV killed a pedestrian. Initial investigations have revealed the incident was
the pedestrians fault.
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slow due to consumers lack of awareness of the product, but over time as awareness grows
adoption increases until the product begins to reach market saturation and the adoption rate
levels off to near zero. This adoption trend can be seen in figure 4 below where eventually the
noncumulative adoption of a product will peak at a given point in time resulting in a tapering off
of cumulative sales. Bass diffusion models run on the basis that adoption relies strictly on
consumers being influenced by media or word of mouth in their purchasing decision. This means
that the takeoff is a result of increased awareness of a product and its utility, not a decline in
price over time, although that does happen with most products. For that reason, researchers
utilized a generalized model so they could add the parameters of declining AV technology costs
and increases in consumer wealth (Lavasani, Jin, & Du, 2016).

Figure 4. Bass model cumulative and noncumulative adopter curve
(Lavasani et al., 2016)

In order for this study to predict AV market penetration using the Bass model, the
researchers needed to select products with similar adoption patterns. To do this, researchers first
selected the historical sales data of hybrid electric vehicles in the US. Hybrids were selected over
other automobile technologies because hybrids saw relatively slow initial adoption due to
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skeptical users, similar to what is expected of AVs. However, the researchers also recognized
that hybrids did not paint a complete picture of AV adoption since hybrids were not
revolutionary in changing the way consumers interacted with vehicles. For that reason, the
adoption of the internet and cell phones were also included in their model (Lavasani et al., 2016).
Cell phones and the internet specifically were used to estimate the market saturation of
AVs placing it at 75% of US households. This meant that with roughly 115 million US
households the market for AVs would be 87 million vehicles. Researchers also ran on the
assumption that since AVs change the market substantially with possible ride sharing
applications and reducing the demand for multiple vehicle households they did not consider
multiple car households in this calculation (Lavasani et al., 2016).
With market size determined and historical data on the selected products adoption,
researchers were able to buildout a generalized Bass model for AVs. They then were able to
further analyze this model through two sensitivity analyses: one on the market size of AV and
the other on AV technology cost. These sensitivity analyses showed that with a market
introduction of AVs in 2025 it will take roughly 35 years for AVs to reach their market
saturation at any level selected (Lavasani et al., 2016). However, the Bass model developed
appears to have some issues with external variables where large increases in costs appear to not
make substantial impacts on the adoption timeline as well as the lack of consideration behind
different legislative issues.
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Industry Predictions
Although typical industry reports on AV adoption are not as focused on the methodology
behind the predictions like the previously discussed papers, they often receive just as much
weight when it comes to investment decisions. Table 4 below contains the predictions of several
of these reports gathered in the previously discussed paper “Forecasting Americans’ long-term
adoption of connected and autonomous vehicle technologies.”
Table 4. Industry Reports (Bansal & Kockelman, 2017)
Source
Lux Research

•

Forecast
92% and 8% of world vehicles to have Level 2 and 3 automation in 2030
Year 2030 revenues from Level 2 plus Level 3 sales: $21B for the U.S. and
$20B for Europe
Nearly 100% of U.S. light-duty vehicles are Level 3 and 4 vehicles by 2030 and
2055, respectively
Cost to add Level 3 automation is forecasted to be $6000 per vehicle by 2030
and $10,000 for Level 4 by 2045
25% of U.S. vehicle fleet to be autonomous by 2035

•

Entire global fleet is expected to be to be fully-autonomous by 2050

•
•

The number of self-driving capable cars to reach 8.5 million by 2035 in the U.S.
U.S. sales of level 4 AVs will reach about 10% of all new light-vehicle sales by
2035
Global market for level 4 AVs could reach $40 billion by 2025
50% of all new vehicle sales to be Level 4 AVs by 2032

•
•
•

Morgan
Stanley

•

Fehr & Peers
HIS
Automotive
IDTechEx
BCG
Citi GPS
ABI Research

•
•

It is clear from this table that there are a wide variety of industry forecasts out there that
are both very conservative about AV adoption like Boston Consulting Group (BCG) and very
bullish like Morgan Stanley. Ultimately, these estimates must factor in many of the variables
considered in the larger academic studies such as consumer willingness to pay, the current and
future cost of autonomous technology, and government regulations.
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Summary and Consolidated Predictions
Throughout this breakdown of the different types of predictions, a variety of methods
have been used to predict AV adoption resulting in no standard adoption prediction. However,
across all of these reports several important things have remained fixed: AVs will be entering the
market, AV technology is costly but costs will decline over time, consumers are hesitant to adopt
this technology in the short run but eager to adopt in the long run, and the government has the
ability to either accelerate AV adoption or to slow it down.
Out of all the predictions analyzed the Victoria Transport Policy paper continues to have
the most encompassing prediction of AV adoption with both bearish and bullish estimates for
each decade that closely align with the predictions seen in the other studies. For future modeling
purposes, we can assume that there are two possible future cases for AV adoption: one with a
government mandate and the other allowing AV to reach their natural adoption levels. With a
government mandate we can assume that the market saturation of AVs will reach nearly 100%
and without one we can assume the saturation will be near 80% based on other technologies such
as cell phones and the internet. With that assumption made, we can utilize two data points for
each of these cases from the studies and formulate an S-curve for each.

Model Methodology
The standard S-curve equation is represented by equation 1 below. In order to be able to
transform the curve so that we can control for the speed of market adoption and the timing of
growth, two additional parameters must be added: alpha and T0, seen in equation 2. Alpha is
responsible for stretching or compressing time and T 0 shifts the timeline of the curve
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(Brandewindere, 2008). It is important to note that f(ti) is the percent of the market saturation
achieved at that point in time not simply the percent of the market captured.
(1)
(2)
With our current predictions we have multiple points of both a date and the percent AV
adoption in the market. Taking two of those pairings [converting market captured into percent of
market saturation for f(ti)] for both estimations for with and without a federal mandate, we can
solve for alpha and T0 such that f(t1) = f1 and f(t2) = f2. By formatting both of these equalities we
can arrive at a solvable pair of linear equations (Brandewindere, 2008). The reformatting is
shown in equations 3 through 6 for just f1, however the process is the same for f2.
(3)
(4)
(5)
(6)
The system of equations to be solved is represented by 7. By solving this system for both
alpha and T0, you would arrive at equations 8 and 9 (Brandewindere, 2008).
(7)

(8)

(9)
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Model Outputs
Applying these equations to the predictions gathered throughout the literature review
allows us to create our own AV adoption models. Table 5 contains the two sets of predictions
selected for adoption cases with and without a federal mandate. These numbers have been
revised slightly upwards to reflect market saturation in terms of vehicle miles traveled since
newer vehicles typically are driven more (Litman, 2017). These data points were plugged into
equation 8 then 9 to arrive at the alpha and T0 values shown. With these values calculated they
could then be plugged into equation 2 to give us the formula for each case’s adoption curve.
Table 5. Adoption Model Cases
Without
Mandate

With
Mandate

Prediction 1 (t1,f(t1))

(2035, 10%)*

(2035, 15%)

Prediction 2 (t2,f(t2))

(2040, 35%)*

(2040, 50%)

Market Saturation

80%

100%

Alpha

.32

.35

2041.96

2040

T0

*percentage of saturation value
Figure 5 plots the outputs of the two models for the years 2020 through 2060.
Interestingly, both models start relatively similar to one another. This is because in the short run
there is little the government is likely to do to further support the development and cost reduction
of autonomous vehicles even in the mandate case. This closely mimics the adoption of both
hybrid and all electric vehicles. The government has supported short term efforts with varying
subsidies but ultimately that has been proven to have had little effect on substantially increasing
adoption. The true difference comes from a federal mandate that all vehicles sold must be self-
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driving after a certain date (Litman, 2017). The mandate model created assumes an
announcement of such mandate would come in the early 2030’s and it would go into effect in the
early 2040’s. The announcement itself should motivate car manufactures to increase
development and begin to enter large scale production of AVs thus boosting AV adoption prior
to the mandate going into effect. Additionally, once the mandate does officially go into effect the
16+ million new car sales per year being entirely autonomous will quickly push AV to a 100%
saturation level. The model without a mandate will likely follow an adoption pattered similar to
what was seen in the Florida International study. Later with the use of these two models and an
understanding of the increased safety of AV, we can begin to see how large of a positive
economic impact that would stem from an aggressive government mandate.
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60.0%
50.0%
40.0%

30.0%
20.0%
10.0%
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Figure 5. Adoption Models with and without a Federal Mandate
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Chapter 4
Accident Rates

Introduction
Chapter 1 provided an overview of car safety over the last hundred years as well as a
brief analysis of where car safety falls today. The largest takeaway is that car safety, specifically
fatalities for 100 million vehicular miles traveled, has plateaued over the last three decades.
Additionally, it was shown in a 2010 report that car crashes were responsible for $242 billion in
economic costs and an additional $594 billion in societal costs. When working towards
calculating the decreased economic and societal impact of a federal mandate for autonomous
vehicles, it is necessary to develop a model that utilizes the outputs of each of the adoption
models in calculating the number of car accidents for both. Several variables are needed to do
this: accident rates for both autonomous and non-autonomous vehicles, total vehicle miles driven
for each year, and the average cost per accident.

Accident Rates
The NHTSA focuses a bulk on their reporting on accidents that resulted in fatalities. This
is because across the United States each State has its own unique definitions of what is classified
as an accident and many accidents, especially those with only property damage, go unreported to
both the police and insurance companies. For that reason, researchers typically adjust accident
rates beyond the reported figures. However, the reported figures still are a great baseline when
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trying to determine accident rates. Table 6 shows the breakdown of all police reported accidents
from 2010 to 2015. One of the larger takeaways from this table is that the composition of
accidents has remained fairly stable. Roughly .5-.56% of accidents result in a fatality, 27-29%
result in an injury, and the remaining 70-73% result in only property damage. Another key
takeaway is that the total number of accidents has been increasing relative to the number of total
miles driven. This has led to an increasing accident rate over this six-year period. In 2010, there
was roughly 1.8 accidents for every million miles traveled and by 2016 it had increased to over 2
(National Center for Statistics and Analysis, 2017).
Table 6. 2010-2015 Police Reported Accident Breakdown and Accident Rates
(National Center for Statistics and Analysis, 2017)

Fatal

Year Number Percent
2010
2011
2012
2013
2014
2015

30,296
29,867
31,006
30,202
30,056
32,166

0.56%
0.56%
0.55%
0.53%
0.50%
0.51%

Injury

Property Damage
Only

Number

Percent

Number

Percent

1,542,000
1,530,000
1,634,000
1,591,000
1,648,000
1,715,000

28.46%
28.66%
29.10%
27.98%
27.18%
27.24%

3,847,000
3,778,000
3,950,000
4,066,000
4,387,000
4,548,000

70.99%
70.78%
70.35%
71.50%
72.34%
72.24%

Vehicle Accident
Total
Miles
Rate
Accidents Traveled
(per
(Millions) million
miles
Number
Total
traveled)
5,419,000 2,967,000
1.83
5,338,000 2,950,000
1.81
5,615,000 2,969,000
1.89
5,687,000 2,988,000
1.90
6,064,000 3,026,000
2.00
6,296,000 3,095,000
2.03

The 2010 NHTSA report “Economic and Societal Impact Of Motor Vehicle Crashes”
calculated that approximately 60% of property-damage-only crashes go unreported and 24% of
injury crashes go unreported (Blincoe et al., 2015). Table 7 revises the data in table 6 to include
these estimates of unreported accidents. This not only resulted in substantial changes to the
composition of accidents, but also more than doubled the accident rates.
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Table 7. 2010-2015 Revised Accident Breakdown and Accident Rates

Fatal

Year Number Percent
2010
2011
2012
2013
2014
2015

30,296
29,867
31,006
30,202
30,056
32,166

0.26%
0.26%
0.26%
0.25%
0.23%
0.24%

Injury

Number
2,028,947
2,013,158
2,150,000
2,093,421
2,168,421
2,256,579

Percent

Property Damage
Only
Number

Percent

Total

Number

17.38% 9,617,500 82.36% 11,676,743
17.52% 9,445,000 82.22% 11,488,025
17.83% 9,875,000 81.91% 12,056,006
17.04% 10,165,000 82.72% 12,288,623
16.47% 10,967,500 83.30% 13,165,977
16.52% 11,370,000 83.24% 13,658,745

Vehicle Accident
Miles
Rate
Traveled
(per
(Millions) million
miles
Total
traveled)
2,967,000
3.94
2,950,000
3.89
2,969,000
4.06
2,988,000
4.11
3,026,000
4.35
3,095,000
4.41

Although official figures have yet to be released it appears as though this trend has
continued since 2015. The current estimate for fatalities in 2017 is 40,200 as reported by the
National Safety Council, a nonprofit organization that works with auto-safety regulators. This
increase is not simply a product of the increase in total miles traveled it is also largely
contributed to more deaths per mile driven. Since this increase is relatively recent, there are a
lack of studies on the driving forces behind it. However, data suggests a large component is
increases in distracted driving. Hands free options in cars have failed to pull drivers away from
utilizing social media sites and other applications that require they take their eyes off the road.
This increase in distracted driving is also coupled with declines in police enforcement of speed
limits, raising speed limits, and lax seatbelt laws/enforcement (Boudette, 2017).
To remain conservative for modeling purposes, I am going to utilize an average of the six
revised accident rates which comes to 4.13 accidents per million miles driven. At this point in
time, it is too early to determine if this trend will continue. Increased police enforcement and
penalties or increases in non-autonomous technology may assist in bringing this rate back down
or inversely increases to driver distractions may result in a higher rate.
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Vehicular Human Error
The rising accident rates began to hint at how substantial human error is when it comes to
car accidents. The foundational study on driver error titled “Tri-level study of the causes of
traffic accidents” was commissioned by the Department of Transportation and carried out by the
Institute for Research in Public Safety at Indiana University. Although released in 1979, this
paper is still one of the most heavily cited sources when it comes to human error. The component
of the study specifically focused on human error, dispatched teams of investigators directly to car
crash scenes to interview the drivers involved as well as analyze the scene for any indications of
human, vehicle, and environmental causes. In later stages of the study, researchers went as far as
to test drivers vision and knowledge and later tow and analyze the vehicles in their own facilities.
Furthermore, researchers used surveys and government reports to collect additional crash data to
analyze. When investigating the accidents researchers sought to identify two types of factors
causal and severity-increasing (Joscelyn & Treat, 1979). The exact definitions are given below.
•

Causal Factors – a factor necessary or sufficient for the occurrence of the accident; had
the factor not been present in the accident sequence, the accident would not have
occurred.

•

Severity-Increasing Factor – a factor which was neither necessary nor sufficient for the
accident’s occurrence, but removal of which from the accident sequence would have
lessened the speed of the impact which resulted (Joscelyn & Treat, 1979).
Through this analysis researchers found that in at least 70% of accidents human error or

deficiencies were the direct cause and in 92 to 95% of accidents humans were the probable
causes. The remaining portion of accidents was contributed to environmental causes and vehicle
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failure (Joscelyn & Treat, 1979). Although, common knowledge today this study was
instrumental in revealing the faults of driver error.
More recently in 2008 the NHTSA conducted a similar study of crash causation. In this
study, the NHTSA had teams positioned in select areas of the US to respond to car accidents to
collect data prior to it being cleared. Over a two-and-a-half-year period they developed a sample
of 5,471 crashes believed to be nationally representative. For each of the crashes, both the critical
event that caused the accident and the critical reason for that event were documented. For 93% of
the 5,471 crashes, the critical reason for critical pre-crash event was attributed to drivers (Singh,
2015). Table 8 shows which specific human contributed error to these specific instances. The
NHTSA still relies heavily on this study to estimate the causes behind car crashes today.
In the context of exploring AVs’ safety, this human error component is encouraging
because presumably, since an AV would require no driver actions, it would not make these
mistakes. Naturally, AVs may have their own sort of software and hardware failings that make
up for some portion of increase safety in this area but presumably this large percentage leaves
room for AV to be substantially safer.
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Table 8. Critical Reason for Critical Pre-Crash Event Contributed to Drivers
(“National Motor Vehicle,” 2008)
Critical Reason for Pre-Crash Event
Inadequate surveillance
Internal distraction
Recognition External distraction
Error
Inattention
Other/unknown recognition error
Subtotal
Too fast for conditions
Too fast for curve
False assumption of other's action
Illegal maneuver
Decision
Misjudgment of gap or other's speed
Error
Following too closely
Aggressive driving behavior
Other/unknown decision error
Subtotal
Overcompensation
Poor directional control
Performance
Other/unknown performance error
Error
Panic/freezing
Subtotal
Sleep, actually asleep
NonHeart attack or other physical impairment
performance
Other/unknown critical nonperformance
Error
Subtotal
Other/unknown driver error
Total

Number of
Crashes
1,080
482
229
194
109
2,094
348
181
260
232
212
85
99
335
1,752
211
249
30
20
510
160
133
76
369
371
5,096

Percentage
21.19%
9.46%
4.49%
3.81%
2.14%
41.09%
6.83%
3.55%
5.10%
4.55%
4.16%
1.67%
1.94%
6.57%
34.38%
4.14%
4.89%
0.59%
0.39%
10.01%
3.14%
2.61%
1.49%
7.24%
7.28%
100.00%

Autonomous Vehicle Error
Federal regulations are likely to prevent mass market autonomous vehicles from being
introduced until they are safer than human driven vehicles. This means that off the bat the crash
rate of AV will be below the 4.13 average crash rate per million miles we are using for human
driven vehicles. In addition, to the AV crash rate being lower, it is likely to improve over time
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with advances in autonomous software and hardware on new vehicles and the peer effects of
having more AV on the road.
Current AVs show great promise in the area of offering increased vehicle safety. In
partnership with Google, the Virginia Tech Transportation Institute completed a study comparing
crash rates of vehicles today and Google’s AV data. In this study, the researchers explored the
accidents that occurred with Google’s self-driving vehicles over the 1.3 million miles of driving
completed in autonomous mode. Over the 1.3 million miles of driving, Google’s vehicles
experienced a raw crash rate of 8.7 accidents per million miles driven. This figure is higher than
the nationally experienced crash rate; but, Google must report all incidents with their AVs unlike
real car crash data and the composition of miles driven in Google’s AVs does not match US
averages. Researchers took Google’s data and properly weighted it for crash severity and
composition of miles driven and found that the true accident rate for Google’s AVs would be 3.2
accidents per million miles driven (Blanco, Atwood, Russell, Trimble, McClafferty, & Perez,
2016). This figure is below both the 4.2 accidents per million miles driven crash rate for vehicles
today calculated by the researchers and the 4.13 rate calculated in this paper. This again confirms
that AVs will be in a developmental position to enter the market by 2020 and that they will offer
increased safety.
There are two issues with utilizing just the Virginia Tech study when estimating the
increased safety of AV. The first is that it used a limited sample size of miles driven. When it
comes to today’s crash rate of over 4 accidents per million miles traveled it is backed by
observations over trillions of miles whereas the Google AV rate is backed by just over 1 million
miles. Secondly, the Virginia Tech study utilized data from Google’s self-driving car project
from 2015. Although 2015 is fairly recent, the five-year spread from the collection of this data

33

and the introduction of AV in the market represents a substantial amount of time for further
development in AV safety. For these reasons, it is important to also factor in more theoretical
predications of expected AV safety.
In 2014, the Casualty Actuarial Society Automated Vehicles Task Force analyzed the
previously discussed NHTSA crash causation report. The goal of the report was to reanalyze the
data in the context of AV to affirm or deny whether AV have the ability to prevent the 93% of
accidents caused by human error. Researchers looked into each of the 5,471 crashes to determine
if autonomous technology could have prevented them. In doing so, researchers “found that 49%
of accidents contain at least one limiting factor that could disable the technology or reduce its
effectiveness (“Restating the National Highway,” 2014).” Inversely this means that the
researchers believe that AVs would be at least 51% as dangerous as vehicles today. It is also
important to note that the 49% of cases identified had limiting factors that could disable or
reduce the technology’s effective not necessarily would have. This means that AV are likely
even less dangerous than the 51% effectiveness. In addition to this, the Casualty Actuarial
Society conducted this study in 2014 where their vision for AVs was a car that could be both be
human driven as well as self-driven. As a result, there were more cases in which passengers in
the vehicle could have accidentally caused accidents by disabling the AV technologies. Under
today’s impression that a bulk of future ATVs will not provide typical human driven options it is
likely the 49% figure would be lower.
Lastly, researchers from the University of Utah and University of Texas at Austin
aggregated various AV safety predictions in their paper “Preparing a nation for autonomous
vehicles: opportunities, barriers and policy recommendations.” This paper explored a variety of
different safety implications of AV including similar issues with human error as discussed
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previously. However, the paper was also quick to point out situations in which human drivers
may act more appropriately than AVs. For example, a human driver would be able to react
differently if a cardboard box or boulder suddenly rolled in front of their car as they were driving
down the highway, whereas an AV would struggle to identify the objects composition and thus
treat both as the same. This means where a human driver may drive safely through a cardboard
box an AV might make a dangerous deceleration. On top of these current limitations of AVs, the
paper also discusses the predictability of other drivers. The more AVs on the road, the more
likely an AV will be able to predict the behavior of the vehicles around it. With few AVs on the
road initially, the technology will be less likely to predict drivers behaviors and as a result will be
less safe than they will be with higher adoption rates. Lastly, is evolving technology. AVs will
have the ability to improve overtime. This can happen as advancements in both autonomous
software and hardware occur. New AVs will have the benefit of newer and more accurate
sensors and cameras, while older AVs still have the ability to perform better via software
updates. For these reasons, the paper predicted that at a 10% adoption rate AVs will be 50%
safer and at a 90% adoption rate AVs will be 90% safer (Fagnant & Kockelman, 2015).
This last prediction by Fagnant and Kockelman, appears to be the most encompassing of
the three papers explored. The predication is not overly ambitious with early AV safety, but also
demonstrates a more current view of AVs with its long-term predictions. For these reasons, it
would be best to use their prediction in our model. The prediction is simplified into three
formulas shown in table 9. These formulas assume that increases in AV peer effects as well as
technological advancements will be linear for simplicity. Additionally, we are assuming there are
no further safety gains after 90% adoption in order to be conservative.
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Table 9. AV Crash Rate Reduction Formulas
Condition

Formula for % Crash Rate Reduction

AV adoption is less than 10%

= 5 (AV Adoption %)

AV adoption greater than 10% and less than 90%

= 50% (AV Adoption %) + 45%

AV adoption greater than 90%

= 90%

The outputs of the previously calculated AV adoption models can be inputted into these
formulas to determine how much safer AVs are compared to human driven vehicles for each
year. We can then multiply our human driven accident rate by (1-% Crash Rate Reduction) to get
the yearly AV accident rates.
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Chapter 5
Projected Vehicle Miles Driven

Introduction
The last remaining component of the model needed is the forecasted vehicular miles
traveled (VMT) over our adoption model’s timeframe. Since the accident rates are based on total
miles driven in the U.S., the projected VMT can be divided based on AV adoption rates and then
divided by the respective crash rates for autonomous and non-autonomous vehicles to get the
total number of crashes. To best be able to predict how many miles will be driven in the U.S.
over the next 50 years, it is beneficial to look at both the historical growth of miles driven as well
as the factors that may impact future growth.

Historical Growth
Figure 6 graphs the total annual VMT in the U.S. since 1970 as reported by the US
Federal Highway Administration. Over the 48-year period shown, the total VMT has increased
by 186%. The linear trend line reveals that the growth experienced year over year has been fairly
consistent with minor deviations above the line in periods of high economic growth and
deviations below the line during economic recessions. Most recently during the 2007/08
financial crisis we saw declines in the total VMT that have just recently rebounded above the
levels experienced prior. Although, slight deviations away from a linear growth occurred over
the period of time shown, a compound annual growth rate of 2.22% represents the trend seen
fairly consistently.
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Figure 6. Total US Vehicular Miles Traveled (U.S. Federal Highway
Administration, 2018)

Although the 2.22% annual growth has been experienced fairly consistently over the
entire period, the way in which the VMT has grown since the initial declines in 2007/08 paint a
different story of what the future growth may be. In 2011, the declines in total VMT bottomed
out and since the total VMT has been increasing on average by 1.44% annually. This average is
also skewed by 2.04% and 2.95% increases experienced in 2014 and 2015 respectively. The
growth for 2016 and 2017 was closer to 1.2%. As a result of the growth not returning to the
typical yearly average, it is worthwhile to look for something better to base future projections off
of.

38

Government Predictions
The Federal Highway Administration (FHWA) released its most recent outlook of total
VMT in May 2017. This report focused on forecasting VMT through 2045 based on the
economic outlook of the United States. To do this the FHWA relied on a report by Information
Handling Services (HIS), a company that provides information and analysis to allow
governments and companies make better decisions.
The FHWA specifically focused on five economic and demographic indicators: U.S.
population, GDP, real goods component of GDP, disposable income per capita, and gasoline
price per gallon. Table 10 displays both the historical growth across these five indicators as well
as the IHS’s forecasts. The first four listed in the table have lower forecasted growth rates than
have been experienced in the past all of which would likely result in less growth in VMT. The
last factor of gasoline price increasing at a lower rate would have a slight impact on increasing
miles traveled; however, the decline is minimal and the impact is lessened due to the rise of
alternative fuel sources and higher miles per gallon.
Table 10. IHS Long-Term Economic Forecasts (U.S. Federal Highway
Administration, 2017)
Historical Growth
Rate (1966 to 2015)

Forecast Growth
Rate (2015 to 2045)

U.S. Population

1.01%

0.63%

GDP (Real 2009$)

2.80%

2.06%

Real Goods Component of GDP (Real 2009$)

3.21%

2.89%

Disposable Personal Income per Capita (Real 2009$)

1.97%

1.67%

Gasoline Price per Gallon (Real 2009$)

0.65%

0.63%

Demographic and Economic Indicators
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In the forecast report, the FHWA does not elaborate on its exact process of analyzing and
weighing the above five variables to achieve their forecasted VMT but their forecasts do align
with the trend of less growth. From 2015 to 2045 the compound annual growth rate of VMT is
forecasted to be 0.78%. They also generated pessimistic and optimistic forecasts that are 0.66%
and 0.89% respectively.
The RAND Corporation pointed out in their paper, “The Enemy of Good: Estimating the
Cost of Waiting for Nearly Perfect Automated Vehicles,” that there is a lot of uncertainty
surrounding VMT forecasts. Specifically, they discussed how substantially the FHWA’s
forecasts changed from 2016 to 2017. In 2016, the FHWA’s 30-year forecasts ranged from
0.53% to 0.65% meaning that the upper bound in their 2016 forecast was lower than the lower
bound in the 2017 forecast. Additionally, the researchers looked at the Energy Information
Administration’s forecasts that go to 2050 and found similar levels of variation with their
estimates over the last decade ranging from 0.7% to 1.8% annual VMT increases (Kalra &
Groves, 2017).

Final Predication
When determining which compound annual growth rate to use for our model there are
two issues with the current forecasts. The first issue is the uncertainty surrounding the current
projections, to get around this we will utilize three growth cases: base, bear, and bull. This will
allow us to have a range of possible impact with greater certainty rather than a singular estimate.
The second issue is that the current forecasts at the furthest forecast the growth to 2050. In order
to best represent the impact of a federal mandate, our model needs to go out to a minimum of
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2060 since that is when the adoption rates begin to approach their saturation levels. To do this we
could either revise down the entire growth rate down by the impact of the additional 15 years or
we could select a new growth rate to apply following 2045. Both methods would arrive at the
same 2060 figure but the latter method would lead to more accurate car crash figures for the
earlier years.
Table 11. Vehicle Miles Traveled Compound Annual Growth Cases
Time Period

Bear

Base

Bull

2020 to 2045

0.53%

0.70%

0.89%

2045 to 2060

0.20%

0.30%

0.40%

Table 11 shows the three cases generated for the model. They are based on the 2016 and
2017 FHWA forecasts. The bear estimate contains the lowest estimate from the two reports, the
base estimate is the average of the two years base forecasts, and the bull is the highest estimate
of the two reports. The growth rates for 2045 and beyond were selected based on where the
Energy Information Administration’s expectations of the growth rate fall with the bull
representing the full estimate and the base being revised down by 25% and the bear being revised
down by 50%.
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Chapter 6
Consolidated Model

Model Overview
Chapters 2 through 5 focused on gathering the necessary inputs to calculate the future
economic and societal costs of car accidents. Figure 7 shows how each of these variables flow
together in order to calculate the present value of the economic and societal costs associated with
a given year’s car accidents.

Figure 7. Model Inputs and Outputs (yearly)
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Model Steps:
1.

For each year in the period of 2020 to 2060, take the projected VMT and divide it into
miles driven by AVs and miles driven by non-AVs using each years AV adoption rate.

2.

Multiply miles driven by AVs and non-AVs by the corresponding accident rates for
each.
a. The AV accident rate for each year is calculated utilizing the year’s AV adoption
rate (see chapter 4).

3.

Sum total accidents by AVs and non-AVs.

4.

Multiply each year’s total accidents by the forecasted average economic and societal cost
per accident for that year.

5.

Discount the costs back to the current year.

6.

Sum all costs for the years 2020-2060.

7.

Complete this process with the AV adoption models with and without a federal mandate
for all three VMT cases.

8.

Calculate difference between the outputs to determine the effectiveness of the mandate
in reducing total accidents and costs.

Discount Rate
For this analysis, a yearly discount rate of 3% was used. Although this rate may seem low
compared to the higher market return rates often used in a business context, it is actually
conservative compared to the current federal discounting guidelines.
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Since 1992, the Office of Management and Budget within the Executive Office of the
President has issued yearly updates to its original report “Guidelines and Discount Rates for
Benefit-Cost Analysis of Federal Programs.” These yearly updates include the discount rates that
should be used when conducting cost-benefit and economic analyses. The discount rates are
modeled off of the nominal interest rates of treasury notes and bonds for each maturity. Since
this model exceeds 30 years, we would use the 30-year treasury rate which for 2018 is 2.6%
(Office of Management and Budget, 2018).
To be both conservative and to mimic the discount rates in the NHTSA report “The
economic impact of motor vehicle crashes” which the economic and social costs are modeled
after, a 3% rate was selected for this model.

Model Outputs
The model was run for all three VMT forecasts with and without a federal AV mandate.
A summary of the aggregate outputs for each case is in shown in table 12. The full models with
yearly outputs are included in appendixes A through F.
From all of the model outputs, it is clear that a federal mandate would have a substantial
impact on reducing the total number of car accidents as well as economic and societal costs.
Specifically, a federal AV mandate could reduce the total number of car accidents over the 40year period by 90 to 100 million. If the percentage of accidents that result in fatalities holds at
0.25%, this reduction could save 225,000 to 250,000 lives. The total economic cost of car
accidents could be reduced by $1.6 to 1.8 trillion. The additional societal cost could be upwards
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of $3.9 to 4.4 trillion. In our most likely base case, all together the mandate would result in $5.9
trillion in total cost reductions.
Table 12. Key Model Outputs (all numbers in millions)

Bear
Base
Bull

Total Accidents
429.43
443.12
458.97

Bear
VMT
Base
Cases
Bull

338.64
347.67
358.08

Bear
Base
Bull

90.79
95.45
100.89

Without Mandate
PV Economic Costs
PV Societal Costs
$8,287,333
$20,392,426
$8,542,748
$21,020,918
$8,838,244
$21,748,038
With Mandate
$6,664,826
$16,399,964
$6,837,441
$16,824,715
$7,036,432
$17,314,366
Difference
$1,622,507
$3,992,461
$1,705,307
$4,196,204
$1,801,812
$4,433,672

Total Costs
$28,679,759
$29,563,666
$30,586,282
$23,064,790
$23,662,156
$24,350,798
$5,614,969
$5,901,510
$6,235,484

The model outputs paint a positive picture of what an AV mandate could do for the U.S.;
however, the model has its limitations and an AV mandate may come with other unexplored
costs that are worth considering.

Model Limitations
Similar to any model that attempts to calculate the benefit of a complex decision, the
quality of the outputs from this model are contingent upon the quality of its inputs. Currently, the
model utilizes the most current data and studies available to make the best prediction of what
these variables will be; yet, ultimately these are simply best guesses on what these inputs will be
and they could change substantially over time. Table 13 briefly discusses the limitations of each
inputs’ current assumptions. The key takeaway of the table is that none of the inputs are certain
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and should be adjusted to receive more accurate model outputs as we move closer to complete
information.
Table 13. Model Input Limitations
Input

Limitation
As discussed, there is currently a large variety in yearly forecasts. Large
changes in projected population or GDP growth could change the rates
substantially. Additional large-scale transportation or infrastructure
Vehicle Miles
projects could have similar impacts.
Traveled (VMT)
Also, forecasts do not explore increased miles traveled as a result of AV
technology (i.e. someone living further from work because they can now
be productive during their commute).
The developed AV adoption models used are contingent upon the
government continuing to provide support for AVs as well as car
companies meeting the development timelines currently announced.
AV Adoption
Either of these things could change over the next few years.
Rate
Additionally, we assumed miles driven is split evenly by AV adoption
rate. It is possible, especially in later years, that AV represent an even
greater percentage of miles driven. Inversely, in earlier years the same
could be said about non-AVs.
Model assumes mandate is announced in 2030 and goes into effect in
Federal Mandate early 2040’s. This could be adjusted to explore the effectiveness of
different timing.
Model makes best assumption under limited AV data today was well as
AV Accident Rate studies on human error. As increasing amounts of AV accident data is
made available, the model’s crash rates can be made more accurate.
Model assumes rate will hold stable at average of recent years. Increases
Non-AV Accident
or decreases could be seen with new technology, police enforcement,
Rate
traffic laws, and driver distraction.
Assumes that costs will continue to grow at rate seen from 2000-2010.
Costs include property damage, healthcare, lost productivity, etc. all
Average
factors that could see increasing or decreasing growth.
Economic/Societal
Additionally, the model assumes AVs get in same ratio of crash severity
Costs
as non-AVs today. If AVs end up getting into less fatal accidents as cars
today, the model would need to revise down average costs to match this.
Model uses rate similar to government requirement. Rates have been
Discount Rate
declining in recent years due to low yields on treasuries. The rate could
continue to decline or increase if economy picks up.

46

Next Steps
The goal of this paper was to evaluate the use of a Federal mandate for AVs in reducing
both the economic and societal costs of car accidents. In doing so, the model developed has
predicted that that a federal mandate can help reduce these costs by trillions of dollars over four
decades while saving hundreds of thousands of lives. This output is extremely encouraging in
showing how positive a mandate may be for the safety of our roads.
Nevertheless, it is important for these cost savings to be weighed against some of the
costs associated with AVs. Specifically, it would be worthwhile to look into the impact of the
adopted acceleration of AVs on job loss. There have been estimates that AVs have the ability to
impact upwards of 10% of U.S. jobs. With a federal mandate both increasing the adoption
timeline and market saturation levels of AVs, it would reduce the amount of time and increase
how substantially the economy has to adapt. The way in which the economy responds to such a
fast and substantial change could possibly result in a greater negative impact than the reduction
in car accidents and for that reason is a critical factor that must be explored before a
recommendation for a AV mandate can be made.
In addition to further analysis of the negative effects of such a policy, the U.S. is at least
2 years out from AVs being introduced to the market and decades away from a possible mandate.
This leaves a large amount of time to further refine the model and its inputs to best forecast the
savings from a mandate.
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Appendix A
Full Model: VMT Base Case with AV Mandate
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Appendix B
Full Model: VMT Base Case without AV Mandate
Note: Since the non-AV crash rate, average economic cost per accident, and average
societal cost per accident columns are the same for all models to conserve space they are not
shown. Refer to appendix A to see figures used.
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Appendix C
Full Model: VMT Bear Case with AV Mandate
Note: Since the non-AV crash rate, average economic cost per accident, and average
societal cost per accident columns are the same for all models to conserve space they are not
shown. Refer to appendix A to see figures used.
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Appendix D
Full Model: VMT Bear Case without AV Mandate
Note: Since the non-AV crash rate, average economic cost per accident, and average
societal cost per accident columns are the same for all models to conserve space they are not
shown. Refer to appendix A to see figures used.
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Appendix E
Full Model: VMT Bull Case with AV Mandate
Note: Since the non-AV crash rate, average economic cost per accident, and average
societal cost per accident columns are the same for all models to conserve space they are not
shown. Refer to appendix A to see figures used.
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Appendix F
Full Model: VMT Bull Case without AV Mandate
Note: Since the non-AV crash rate, average economic cost per accident, and average
societal cost per accident columns are the same for all models to conserve space they are not
shown. Refer to appendix A to see figures used.
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