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Abstract

Transportation electrification and automation are growing societal trends and considered
promising pathways to enhance the safety, mobility, efficiency, and sustainability of the surface
transportation system. At this early stage of transportation electrification and automation, one of
the most critical issues is whether and to what extent people are willing to adopt electric vehicle
(EV) and automated vehicle (AV) technologies in the future. Another critical issue, especially
concerning transportation automation, is how to thoroughly ensure the safety of automated driving
performance to resolve safety concerns about AVs, which is one of the key challenges to AV
adoption. In this regard, the dissertation aims to provide new knowledge and deep insights
regarding the readiness for transportation electrification and automation in terms of safety and
future adoption by investigating how different types of travelers are willing to embrace EV and
AV technologies and what safety-related challenges the automated driving systems are facing.
First, the dissertation systematically analyzes how individuals become inclined to use AV-based
travel options and adopt alternative fuel vehicles (AFVs). For this, an “AV inclination index” is
developed to quantify individual travelers’ inclination toward AV-based travel options
encompassing owning an AV, using AV ride-hailing services, and using Shared AV (SAV) ride-
hailing services. Importantly, the dissertation reveals a meaningful relationship between the “AV
inclination index” and AFV adoption. Considering that the commercial sector has the potential to
adopt a considerable amount of EVs in the future, the dissertation explores commercial light-duty
fleet owners’ intention to adopt different types of EVs. Paying attention to early adopters’
experiences and perspectives, the dissertation investigates BEV owners’ satisfaction and
willingness to repurchase a BEV in the future. Given that the safety of AVs is one of the critical
factors associated with individual travelers’ willingness to use AVs in the future, the dissertation
performs an exhaustive analysis of crashes involving AVs tested on public roads to provide a better
understanding of AV safety performance. Based on the findings from each chapter, the dissertation
provides the vehicle and transportation industries, engineers, planners, and policymakers with
practical implications for a smooth transition to transportation electrification and automation.
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Chapter 1. Introduction



The surface transportation system has created a variety of issues including traffic congestion,
crashes, emissions, and energy issues, most of which directly compromise the quality of life (1-3).
In this context, transportation electrification and automation are growing societal trends and
considered promising pathways to improve the safety, efficiency, mobility, and sustainability of
the surface transportation system. Alternative Fuel Vehicles (AFVs) such as Electric Vehicles
(EVs) and Fuel Cell Vehicles (FCVs) are expected to help improve fuel economy and reduce
emissions depending on the type of refueling and charging (3-5). Automated Vehicles (AVs) are
expected to help enhance traffic safety by removing human errors, while connections among AVs
are expected to help improve traffic flow (6-7). Moreover, AVs will provide people with
disabilities and the elderly with additional travel options, which is expected to improve mobility
and equity (6).

Currently, EVs are in the early stage of diffusion (3-8-9). Meanwhile, low-level automation
technologies (Levels 1 and 2) such as lane-keeping assistance and adaptive cruise control are
commercially available for vehicles, while high-level technologies are in development and
assessment for conditional, high and full automation (Levels 3-5) (6). At this early stage of
transportation electrification and automation, one of the most critical issues is whether and to what
extent people are willing to adopt EV and AV technologies in the future. The surface transportation
system would be required to have appropriate traffic operation and transportation planning
strategies depending on the penetration rate of EVs and AVs on the road as well as the needs of
EV and AV users. Another critical issue especially concerning transportation automation is how
to thoroughly ensure the safety of automated driving performance to resolve safety concerns about
AVs, which has been identified to be one of the key challenges to adoption of high-level (Levels
4-5) AVs in the future (10-13). Based on previous studies, the consumer adoption rate of high-
level AVs will be highly dependent on whether uncertainties in AV safety performance can be
sufficiently resolved, which requires a clear understanding of AV safety performance (10-13).
According to a recent study with a nation-wide survey in the United States, for example, 40 percent
of people have a negative perception of the safety of high-level AVs, which is expected to limit
the market penetration of high-level AVs to 15 percent in the long run if this issue remains on the
same level (13).

In this regard, the dissertation aims to provide new knowledge and deep insights regarding
the readiness for transportation electrification and automation in terms of safety and future
adoption by investigating how different types of travelers are going to embrace EV and AV
technologies in the future and what specific safety-related challenges the automated driving
systems are facing. To be specific, Chapter 2 attempts to systematically analyze how individuals
become inclined to use AV-based travel options as well as adopt AFVs including EVs. For this,
an “AV inclination index” is developed to quantify individual inclination toward AV-based travel
options encompassing owning an AV, using AV ride-hailing services, and using Shared AV (SAV)
ride-hailing services. Importantly, this chapter examines the relationship between the “AV
inclination index” and AFV adoption. Considering that the commercial sector has the potential to
adopt a considerable amount of EVs in the future, Chapter 3 explores whether and to what extent
commercial light-duty fleet owners are willing to adopt different types of EVs such as Plug-in
Hybrid Electric Vehicles (PHEVs), Battery Electric Vehicles (BEVs), and Fuel Cell Electric
Vehicles (FCEVs). Paying attention to early adopters’ experiences and perspectives, Chapter 4
investigates the satisfaction of BEV owners and their willingness to repurchase a BEV in the
future. Given the findings from the literature that the perception of AV safety is one of the key
factors associated with individual willingness to use AVs in the future, Chapter 5 aims to provide



a better understanding of AV safety performance (10-13). This chapter attempts to exhaustively
analyze recent crashes involving Level 2 and Level 3 AVs to figure out the interrelationships
among pre-crash conditions, AV driving modes, crash types, and crash outcomes.

The key research questions in the dissertation are as follows.

How inclined are AFV owners to use AV-based travel options?

What makes commercial light-duty fleet owners willing or unwilling to adopt different
types of EVs (i.e., PHEVs, BEVs, and FCEVs) in the future?

What makes current BEV owners satisfied and willing to repurchase a BEV in the future?
What do AVs tell us about their safety performance when they fail on the road?

The key contributions (intellectual merits) of the dissertation are as follows.

Develop an index to quantify individual inclination toward AV-based travel options.
Systematically identify the relationship between AFV adoption and inclination toward AV-
based travel options.

Provide deep insights into barriers to and opportunities for EV diffusion from the
commercial sector’s and individual BEV owners’ perspectives.

Help better understand AV safety performance through an exhaustive analysis of recent
crashes involving Levels 2-3 AVs.

The key impacts of the dissertation are as follows.

The dissertation will help keep the surface transportation system prepared with appropriate
plans and strategies by considering how individual residents will embrace vehicle
electrification and automation.

By referring to the findings from the dissertation, the EV industry, planners, and
policymakers could figure out specific barriers for the commercial sector to adopt different
types of EVs such as the hauling capacity of PHEVs, the range of BEVs, and the cost of
installing fueling equipment for FCEVs. They can be encouraged to make an effort to lower
the specific barriers.

The dissertation will provide the BEV industry, planners, engineers, and policymakers with
useful feedback from early adopters of BEVs on the opportunities for BEV diffusion. By
referring to the findings, especially, they can make an effort for synergetic connections
with low-level vehicle automation and the provision of real-time information to support
early adopters.

The findings from the AV crash investigation can be a reference for the safety assessment
of Levels 4-5 AVs as well as for future operations of mixed traffic. Notably, the key factors
identified in the dissertation can be included in the development of Vehicle to Vehicle
(V2V) and Vehicle to Infrastructure (V2I) communication technologies.



Figure 1.1 and Figure 1.2 visualize the overall conceptual framework and a summary of the
dissertation, respectively. The main goal of the dissertation is to provide new knowledge and deep
insights regarding the readiness for transportation electrification and automation in terms of safety
and future adoption by investigating how different types of travelers are going to embrace EV and
AV technologies in the future and what safety-related challenges the automated vehicles are
facing. From individual residents’ perspectives, Chapter 2 explores how AFV and AV adoptions
can be affected by the experience in shared mobility as well as how AV adoptions can be affected
by the experience in AFVs. By scrutinizing a stated preference (SP) survey within a path-analytic
framework with rigorous statistical modeling analysis, this chapter reveals that individual
inclination toward AV-based travel options has a positive relationship with the experience in AFVs
and shared ride-hailing services. From commercial light-duty fleet owners’ perspectives, Chapter
3 investigates the key barriers to and opportunities for the diffusion of different types of EVs. By
analyzing a stated preference (SP) survey with rigorous statistical modeling analysis, this chapter
identifies the limited hauling capacity of PHEVS, the limited range of BEVs, and the cost of
installing fueling equipment for FCEVs as the key barriers, while identifying collaboration with
the healthcare and social assistance, transportation and warehousing, and professional, scientific,
and technical services industries as the key opportunities for EV diffusion. From early adopters’
perspectives, Chapter 4 explores what makes BEV owners satisfied and willing to repurchase a
BEV in the future. By inspecting a stated preference (SP) survey within a path-analytic framework
with rigorous statistical modeling analysis, this chapter reveals that BEV re-adoptions can be
significantly supported by low-level vehicle automation features and providing real-time
information for BEV users. From automated vehicles’ perspectives, Chapter 5 investigates the
specific safety-related challenges AVs are facing. By analyzing a comprehensive dataset from
multiple types of data sources within a path-analytic framework with rigorous statistical modeling
analysis, this chapter reveals edge cases for AVs tested on actual roads, including roadway,
vehicle, and human-related factors.

Chapter 2. How Inclined Are Alternative Fuel Vehicles to Use Automated Vehicle-Based
Travel Options?

At the early stage of vehicle electrification and automation, one of the most critical issues is
whether and to what extent individuals are willing to embrace them. Especially, this chapter aims
to explore how inclined Alternative Fuel Vehicle (AFV) owners are to use high-level AV-based
travel options (Levels 4-5), including owning an AV and using AV and Shared AV (SAV) ride-
hailing services. Using a path-analytic framework with data from a survey of adult residents in
California (N=4,248), this chapter explores the relationship between AFV adoption and inclination
toward AV-based travel options and how they are associated with other relevant factors.
Importantly, this chapter develops an “AV inclination index” to quantify individual travelers’
inclination toward AV-based travel options. By providing comprehensive insights into how
individuals will embrace vehicle electrification and automation, this chapter supports the
movement toward improving surface transportation systems with appropriate strategies.

e To be presented at the Transportation Research Board 102nd Annual Meeting
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Chapter 3. Adoption of Different Types of Electric Vehicles: Are Commercial Light-Duty
Fleet Owners Interested?

Focusing on commercial light-duty vehicles, this chapter explores whether and to what extent the
commercial sector is interested in different types of EVs, such as Plug-in Hybrid Electric Vehicles
(PHEVs), Battery Electric Vehicles (BEVs), and Fuel Cell Electric Vehicles (FCEVS). This
chapter harnesses data from the 2019 California Vehicle Survey (N=2,301), which surveyed a wide
range of commercial light-duty fleet owners. After descriptive analysis, rigorous statistical
regression models are estimated to explain the relationships between the intention of EV adoption
and company characteristics as well as specific concerns about EVs, while addressing unobserved
heterogeneity. The findings from this chapter will provide transportation planners, policymakers,
and the EV industry with valuable insights into critical challenges to vehicle electrification from
the commercial sector’s perspectives.

e Presented at the Transportation Research Board 101st Annual Meeting (14)
e Submitted to the International Journal of Sustainable Transportation

Chapter 4. How Many Battery Electric Vehicle Owners Will Repurchase a Similar Vehicle?

Will current Battery Electric Vehicle (BEV) owners repurchase such vehicles in the future? This
chapter sheds light on this question by harnessing data from a carefully designed survey of BEV
owners in Jeju, South Korea (N=1,094), implemented in December 2018. The survey has valuable
information about user contexts and perceptions of BEVs from their BEV use. Based on the vehicle
models reported in the survey, vehicle features are estimated to extract objective information that
helps better explain EV ownership satisfaction and willingness to repurchase a BEV in the future.
A rigorous path-analytic framework is developed to quantify the direct and indirect impacts of key
factors on willingness to repurchase a BEV in the future, while exploring potential unobserved
heterogeneity. This in-depth case study provides meaningful insights into what aspects of vehicle
electrification should be improved from the BEV owners’ perspectives, while helping planners,
engineers, and policymakers in the transportation field make informed decisions about EV
infrastructure.

e Presented at the Transportation Research Board 101st Annual Meeting (15)
e Submitted to the International Journal of Sustainable Transportation

Chapter 5. Advancing Investigation of Automated Vehicle Crashes Using Text Analytics of
Narratives and Bayesian Analysis

This chapter investigates AV safety performance conducting a thorough analysis of recent AV
crash data. Based on 148 AV collision reports from California in 2019 and 2020, this chapter
extracts key variables from crash records, crash locations, and, importantly, a text analysis of crash
narratives reported by AV manufacturers. Using a path-analytic framework with the frequentist
and Bayesian approaches, this chapter explores the interrelationships among pre-crash conditions,
AV driving modes, crash types, and crash outcomes. The risk factors identified in this chapter can
be considered in AV safety assessment scenarios as well as in future operations of mixed traffic.
Further, this chapter provides the implication that AV crash narrative data can be leveraged to
improve knowledge of AV safety in mixed traffic.



e To be presented at the Transportation Research Board 102nd Annual Meeting
e Submitted to the journal of Accident Analysis and Prevention



Chapter 2. How Inclined Are Alternative Fuel Vehicle
Owners to Use Automated Vehicle-Based Travel Options?



A version of this chapter has been accepted by Transportation Research Board (TRB) for
presentation at TRB 102nd Annual Meeting in Jan. 2023.

Lee, S., Ahmad, N., and Khattak, A. How Inclined Are Alternative Fuel Vehicle Owners to
Use Automated Vehicle-Based Travel Options? Transportation Research Board 102nd Annual
Meeting 2023 (No0.23-02063)

ABSTRACT

Vehicle electrification and automation are growing societal trends and promising pathways to deal
with the issues generated by the surface transportation system, including crashes, congestion,
emissions, and energy consumption. Alternative fuel vehicles (AFVs), including electric vehicles
(EVs), are in their early stage of diffusion, while high-level automated vehicle (AV) technologies
are in development and assessment. At this early stage of vehicle electrification and automation,
one of the most critical issues is whether and to what extent individuals are willing to embrace
them. Especially, this study aims to explore how inclined AFV owners are to use high-level AV-
based travel options (Levels 4-5), including owning an AV and using AV and Shared AV (SAV)
ride-hailing services. Using a path-analytic framework with data from a survey of residents in
California (N=4,248), this study explores the relationship between AFV adoption and inclination
toward AV-based travel options and how they are associated with other relevant factors.
Importantly, this study develops an “AV inclination index.” Results reveal that 5.8% of
respondents have owned or leased an AFV, while the average "AV inclination index" score is 2.38
on a scale of 0 to 7. Notably, the index score is found to be positively associated with AFV
adoption, depending on subpopulations. Further, the index score has a positive relationship with
using shared ride-hailing services. Other detailed relationships are elaborated. By providing
comprehensive insights into how individuals will embrace vehicle electrification and automation,
this study supports the movement toward improving surface transportation systems using
appropriate strategies.

Keywords: Alternative Fuel Vehicle Adoption, Automated Vehicle Adoption, Automated Ride-
Hailing Services

INTRODUCTION

The surface transportation system has created many issues, including traffic congestion, crashes,
emissions, and energy issues, which directly compromise the quality of life. For instance, it is
reported that people in the United States lose 97 hours a year on average due to traffic congestion,
which costs them $1,348 a year per driver (1). According to Fatality Analysis Reporting System
(FARS), crashes result in more than 30,000 fatalities annually in the United States, while there has
been little reduction in the annual number (2). Besides, 28.7 percent of greenhouse gas emissions
by the economic sector are from the transportation sector as of 2019 (3). When it comes to energy
use, the transportation sector spends 2.2 times as much energy as the residential sector (3).

In this context, vehicle electrification and automation are growing societal trends and are
considered promising pathways to deal with the issues generated by the surface transportation
system. Alternative fuel vehicles (AFVs) such as battery electric vehicles (BEVS), hybrid electric
vehicles (HEVS), plug-in hybrid electric vehicles (PHEVSs), and fuel cell vehicles (FCVs) are
expected to help improve fuel economy and reduce emissions depending on the type of refueling
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and charging (4-5). According to the U.S. Department of Energy, the average BEV emits 3,932
pounds of CO, equivalent annually, whereas the average gasoline vehicle emits 11,435 pounds of
€0, equivalent (3). Concerning fuel economy, as of 2020, the average BEV range is estimated to
be 240 (mile/battery), while the average BEV is 3.54 times more efficient than the average vehicle
with internal combustion engines (3). Meanwhile, Automated Vehicles (AVs) are expected to help
enhance traffic safety by removing human errors, while connections among AVs are expected to
help enhance traffic flow (6-7). Moreover, AVs will provide people with disabilities and seniors
with additional travel options, which is expected to improve mobility and equity (6).

Currently, AFVs are in the early stage of diffusion. In the United States, the annual number
of HEV sales has increased from 17 in 1999 to 400,746 in 2019, while the annual number of BEV
and PHEV sales has increased from 17,763 in 2011 to 326,644 in 2019 (3). The annual FCEV
sales in the United States increased from 4 in 2012 to 3,341 in 2021 (8). Nonetheless, AFVs are
still taking a small portion of the vehicle market, given that BEVs, HEVs, and PHEVs take 4.1
percent of the light vehicle market as of 2019 (9). In California, it was reported that 19-21% of
PHEV and BEV adopters stopped owning their EVs between 2015 and 2019 (16). Meanwhile,
vehicle automaton is in development and assessment within the automation levels consisting of
momentary driver assistance (Level 0), driver assistance (Level 1), additional assistance (Level 2),
conditional automation (Level 3), high automation (Level 4), and full automation (Level 5) (6-7-
17). Currently, automation technologies for Levels 1 and 2, such as lane-keeping assistance and
adaptive cruise control, are commercially available for vehicles, while those technologies for Level
3 and higher levels are in development and assessment (6).

At this early stage of vehicle electrification and automation, one of the most critical issues
is whether and to what extent individuals are willing to adopt AFV and AV technologies in the
future. In this regard, it is worthy to deeply investigate who is currently adopting AFVs and who
is willing to choose AV-based travel options. Especially, this study aims to explore how inclined
AFV owners are to use high-level AV-based travel options (Levels 4-5), including owning an AV,
using AV ride-hailing services, and using Shared AV (SAV) ride-hailing services. Using a path-
analytic systems framework, this study investigates the relationship between AFV adoption and
inclination toward AV-based travel options and how they are associated with other relevant
factors. For the first step, this study analyzes how AFV ownership is affected by household
characteristics, experience with different travel modes, and accessibility to AFV-related
infrastructure. For the second step, this study develops an “AV inclination index” integrating
individual preferences for different AV-based travel options, e.g., purchasing an AV, using AV
ride-hailing services, and using SAV ride-hailing services. For the final step, this study analyzes
how the AV inclination index is associated with ownership of AFVs, household characteristics,
perceptions of AVs, and experience with different travel modes.

LITERATURE REVIEW

Concerning vehicle electrification, survey research has been performed to investigate AFV
ownership and individual intention to adopt an AFV in the future. According to a previous study,
AFVs are expected to take 69.7-78.6% of market shares in Germany in the long run (18). AFV
ownership was found to be influenced by socio-demographic characteristics, behavioral factors,
and AFV-related infrastructure and policies. For instance, it had a positive relationship with
household income, education level, females, living in urban areas, having neighbors owning an
AFV, using online shopping delivery, access to alternative fuel stations, and state-level incentives,
while having a negative relationship with age (19-21). Meanwhile, individual intention to adopt
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an AFV in the future was found to have a positive relationship with education level, frequency of
urban trips, access to chargers at home, and positive perceptions of AFVs, while having a negative
relationship with age (18-22).

Regarding vehicle automation, there have also been efforts to explore individual
willingness to adopt vehicles with high-level automation features in the future. According to a
previous study, a nationwide adoption rate of Level 4 light-duty AVs in the United States would
reach around 25% by 2045 with conservative assumptions (23). Individual willingness to adopt an
AV was found to be affected by socio-demographic characteristics. For instance, it was found that
individual willingness to purchase an AV had a positive relationship with household size, income
level, males, not owning a vehicle, not having a driver’s license, technology savviness, physical
conditions prohibiting driving, and living in the downtown area while having a negative
relationship with age and owning more than one vehicle (10-24-28). In addition, psychological
factors, including perceptions of AV technologies, were found to influence individual willingness
to adopt an AV. For example, individual willingness to purchase an AV had a positive relationship
with positive perceptions of safety benefits of an AV and the utility of automated features, while
having a negative relationship with enjoying driving and concerns about the cost of technology,
liability, losing control of the vehicle, and unreliable technologies (11-27-28). Moreover,
individual willingness to purchase an AV was found to be affected by behavioral characteristics.
For instance, it had a positive relationship with frequent car purchases, not commuting, and
commute time, while having a negative relationship with daily travel time (24-26). Besides,
personal experience with a crash and exposure to a vehicle with automated features were found to
have an impact on individual willingness to own an AV (25-26).

There have also been efforts to explore individual willingness to use AV and SAV ride-
hailing services. Individual preference for SAVs was found to be influenced by socio-demographic
characteristics and behavioral factors. For example, it was found to have a positive relationship
with distance from the workplace, proximity to grocery stores, driving alone for commute, frequent
use of public transit, and experience with a crash while having a negative relationship with daily
travel distance (12-23-29). Meanwhile, individual willingness to use AV ride-hailing services was
found to have a positive relationship with infrequent use of public transit while having a negative
relationship with age (29).

Although previous studies have attempted to figure out individual preferences for a specific
option with AV technologies in the future, there is a paucity of research to comprehensively cover
different types of AV-based travel options. Considering that vehicle automation will provide
multiple travel options, such as not owning an AV but using AV ride-hailing services or SAV ride-
hailing services, this study develops an “AV inclination index” to quantify individuals’ general
inclination toward AV-based travel options. The idea behind the “AV inclination index” is that, as
a person becomes more inclined to “every” AV-based travel option, a higher proportion of his or
her trips will be made by AV regardless he or she owns an AV. In other words, when every travel
option is available, a person with a higher AV inclination index is more likely to make a trip by
AV than someone with a lower inclination index. Besides, although a previous study attempted to
explore relationships between willingness to purchase an AV, EV ownership, and participation in
car-sharing programs, there is a paucity of research to connect AFV adoption to general inclination
toward vehicle automation (30). To fill the gap, this study attempts to systematically explain
individual inclination toward AV-based travel options by relating it to individual experience in
owning an AFV and experience with different travel modes as well as individual perceptions of
AVs.
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METHODOLOGY
Conceptual Framework

As visualized in Figure 2.1, this study applies a path-analytic systems framework to systematically
investigate individual inclination toward AV-based travel options in connection with AFV
ownership. In the first stage of the path analysis, the experience in owning or leasing an AFV is
explained by household characteristics, experience with different travel modes, and access to
charging spots. In the second stage, an “AV inclination index” is developed to integrate individual
willingness to own an AV, use AV ride-hailing services, and use SAV ride-hailing services. The
AV inclination index is analyzed with regard to household characteristics, experience with
different travel modes, opinions about AVs, and experience in owning or leasing an AFV. Relying
on the variables available from the data, this study considers PHEVs, BEVs, and FCVs as AFVs.
HEVs are not included in the analysis, considering that they do not require charging infrastructure.

Data

This study harnesses part of the data from the “2019 California Vehicle Survey” conducted by the
California Energy Commission (31). The data has been released by the National Renewable
Energy Laboratory, United States Department of Energy (31). The “2019 California Vehicle
Survey” consists of two categories of surveys, the commercial survey and the residential survey
(31). This study uses data from the residential survey with a sample of 4,248 respondents in
California. The survey interviewed residents of California to collect information on individual and
household characteristics, vehicle ownership, travel behaviors, opinions about AVs, and
willingness to use different AV-based travel options. (31). As shown in Table 2.1, the survey
sample is well representative of the general population of California in terms of residency by
county and annual household income, although it somewhat under-represents low-income people
and over-represents older adults (32-34). It should be noted that the results of this study should be
interpreted within the context of California. Considering that young people are expected to be more
favorable of new technologies, for example, the AV inclination index and the percentage of those
people with experience in AFVs might have been partially underestimated. On the other hand,
considering that low-income people are expected to have fewer opportunities for new technologies,
the AV inclination index and the percentage of those people with experience in AFVs might have
been partially overestimated.

Analysis Methods
Binary Probit Regression

Considering the binary nature of the experience in owning or leasing an AFV with the outcomes,
yes and no, a binary Probit model is applied to explain its relationship with explanatory variables
relevant to household characteristics, experience with different travel modes, and access to
charging spots (35). Details regarding mathematical forms of binary Probit models can be seen in
the following reference: (35). Additionally, this study explores the evidence of unobserved
heterogeneity by applying a random-parameter binary Probit model (36-37). For this, it is assumed
that the impact of an explanatory variable on the experience in owning or leasing an AFV might
vary from person to person (36-37). Details regarding the theoretical background of random-
parameter models can be seen in the following references: (36-37).
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Table 2.1 Survey Sample Characteristics (Residents in California)

(S,3=m4p5§235?tctreeg'§;sts) Survey (2019) General Population of CA (2019)
Annual household income (%)
Less than $9,999 1.4 4.6
$10,000 to $24,999 55 10.3
$25,000 to $34,999 5.2 6.8
$35,000 to $49,999 8.3 9.9
$50,000 to $74,999 14.1 15.3
$75,000 to $99,999 14.5 12.5
$100,000 to $149,999 18.3 17.4
$150,000 to $199,999 10.1 9.4
$200,000 or more 13.7 13.7
Prefer not to answer 8.8 0.0
Age Group (%)
18-34 12.4 31.7
35-64 52.9 49.2
65 and over 34.7 19.1
Residency by county (%)
Los Angeles County 23.0 25.4
Orange County 10.1 8.0
San Diego County 9.1 8.4
Santa Clara County 6.3 4.9
Alameda County 5.8 4.2
Riverside County 5.1 6.3
Sacramento County 4.4 3.9
San Bernardino County 4.2 5.5
Contra Costa County 3.1 2.9
Other 28.8 30.4
Notes:

For missing values in “annual household income,” mode imputation was performed according to the distribution.
For statistical modeling analysis, “annual household income” was converted to a continuous variable.
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Development of AV inclination index

This study develops an “AV inclination index” to quantify individual inclination toward AV-based
travel options. This index consists of individual willingness to own an AV with a 3-point scale (0,
1, and 2), willingness to use AV ride-hailing services with a 3-point scale (0, 1, and 2), and
willingness to use SAV ride-hailing services with a 4-point scale (0, 1, 2, and 3). Accordingly, the
AV inclination index has eight scores from 0 to 7.

Finite-Mixture Poisson Regression

According to the distribution of the AV inclination index scores, this study applies a Poisson model
to explain the relationship between the index and explanatory variables relevant to household
characteristics, experience with different travel modes, opinions about AVs, and experience in
owning or leasing an AFV (35). Details regarding mathematical forms of Poisson models can be
seen in the following reference: (35). To capture unobserved subpopulations within the sample
regarding the AV inclination index, this study applies a finite-mixture Poisson model (38). Details
regarding the theoretical background of finite mixture models can be seen in the following
reference: (38).

RESULTS AND DISCUSSION
Key Statistics

Based on data from the residential survey, descriptive statistics of key variables are summarized
in Table 2.2. Importantly, statistics show the information on the experience in owning or leasing
an AFV. It is revealed that 5.8 percent of respondents have owned or leased an AFV. In detail, 3.5
percent of respondents have owned or leased a PHEV, while 2.7 percent have owned or leased a
BEV. Besides, 1.5 percent of respondents have owned or leased an FCV.

Concerning AV adoption, 9.0 percent of respondents answered that they would purchase
an AV as soon as possible, while 46.1 percent said they would try not to purchase an AV. The
remaining 45.0 percent answered that they would purchase an AV only after they are widely used.
When it comes to AV ride-hailing services, 8.8 percent of respondents answered that they would
use AV ride-hailing services and remove at least one household vehicle, while 43.3 percent said
that they would not use AV ride-hailing services while keeping their household vehicles. The
remaining 47.9 percent answered that they would use AV ride-hailing services whenever needed
while keeping their household vehicles. Regarding SAV ride-hailing services, 66.9 percent of
respondents somewhat or strongly agreed that they would “not” use them, while 33.1 percent
somewhat or strongly disagreed with that statement.

Regarding household characteristics, the average number of household members and
vehicles was 2.29 and 1.89, respectively. The average household income was 115.70 (USD in
thousands). Meanwhile, it was revealed that 15.7 percent of households had solar panels.

Moreover, statistics show information on access to charging infrastructure for AFVs.
Concerning PHEVs and BEVs, 71.7 percent of respondents have access to at least one EV charging
spot in their local area. When it comes to FCVs, 16.3 percent of respondents have access to
Hydrogen refueling stations in their local area.

Besides, statistics show information on individual experiences with different travel modes
in their local area. It is revealed that 19.7 percent of respondents use shared ride-hailing services,
while 52.5 percent do not use them, although they are available. Meanwhile, 2.3 percent of
respondents use carsharing, while 39.2 percent do not use it, although it is available.
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Table 2.2 Key Statistics of the Residential Survey (N=4,248)

Variable Freg/Mean | %/S.D. Min. | Max.
PHEVS BEVS o Ve 26| 58 0| 1
Experience in owning or leasing a PHEV (1/0) 148 35 0
Experience in owning or leasing a BEV (1/0) 116 2.7 0
Experience in owning or leasing an FCV (1/0) 64 15 0
Willingness to adopt an AV

0: My household would try to avoid purchasing an AV. 1,957 46.1 0 1

1: My household would purchase an AV only after they 1910 45.0 0 1

are widely used. '

ib?%l?usehmd would purchase an AV as soon as 381 9.0 0 1
Willingness to use AV ride-hailing services

0: My househo_ld would not use it, while keeping 1.840 43.3 0 1

household vehicles. '

i;méer;c.)usehold would use it, while keeping household 2033 479 0 1

ﬁbmé{hg?gs\fgrﬁg;vou'd use it, while removing at least one 375 8.8 0 1
Willingness to use SAV ride-hailing services

I would not use SAV ride-hailing services. ** reversely scored

3: Strongly disagree 445 10.5 0 1

2: Somewhat disagree 959 22.6 0 1

1: Somewhat agree 1,384 32.6 0 1

0: Strongly agree 1,460 34.4 0 1
Household characteristics
Household size * 2.29 1.21 1 16
Number of vehicles in household * 1.89 1.02 0 8
Annual household income (USD in thousands) * 115.70 75.54 5 300
Possession of solar panels (1/0) 667 15.7 0 1
Access to EV charging spots in the local area

No 460 10.8 0 1

One place 423 10.0 0 1

A few places 1,480 34.8 0 1

Several places 1,144 26.9 0 1

Not sure 741 17.4 0 1
Access to Hydrogen fueling stations in the local area

No 3,556 83.7 0 1

Yes 692 16.3 0

Notes: * indicates that the variable is continuous.
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Table 2.2 (Continued)

Variable Freg/Mean

%/S.D. | Min. | Max.

Experience with different travel modes

Experience with “Shared ride-hailing” (e.g., UberPool and LyftLine)

Not familiar with it 829 19.5 0 1
Not available in the local area 353 8.3 0 1
Auvailable, but not using it 2,231 52.5 0 1
Auvailable, and using it 835 19.7 0 1
Experience with “Carsharing” (e.g., Car2Go and ZipCar)
Not familiar with it 1,538 36.2 0 1
Not available in the local area 946 22.3 0 1
Available, but not using it 1,665 39.2 0 1
Available, and using it 99 2.3 0 1
Opinion about AVs: Willingness to accept longer travel times
I would accept longer travel times for safety. (4-point scale)
0: Strongly disagree 1,008 23.7 0 1
1: Somewhat disagree 980 23.1 0 1
2: Somewhat agree 1,558 36.7 0 1
3: Strongly agree 702 16.5 0 1
Opinion about AVs: Willingness to work more in an AV
I would work more in the AV. (4-point scale)
0: Strongly disagree 1,954 46.0 0 1
1: Somewhat disagree 1,216 28.6 0 1
2: Somewhat agree 844 19.9 0 1
3: Strongly agree 234 55 0 1
Opinion about AVs: Willingness to pick up (or drop off) a child by AV
I would allow an AV without a driver to pick up (or drop off) my child. (4-point scale)
0: Strongly disagree 2,594 61.1 0 1
1: Somewhat disagree 812 19.1 0 1
2: Somewhat agree 623 14.7 0 1
3: Strongly agree 219 5.2 0 1
Opinion about AVs: Anticipation of traveling more often
AVs would enable me to travel more often. (4-point scale)
0; Strongly disagree 1,201 28.3 0 1
1: Somewhat disagree 822 19.4 0 1
2: Somewhat agree 1,495 35.2 0 1
3: Strongly agree 730 17.2 0 1
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Furthermore, statistics show information on individual opinions about AVs. Notably, only
19.8 percent of respondents were somewhat or strongly willing to pick up or drop off their children
by an AV without a driver. This indicates that a vast majority of residents might not fully trust the
safety of AVs. In addition, it is revealed that 53.2 percent of respondents were somewhat or
strongly willing to accept longer travel times for safety when they use an AV. While 25.4 percent
of respondents were somewhat or strongly willing to work more in the AV, 74.6 percent were
somewhat or strongly unwilling to do so. Meanwhile, 52.4 percent of respondents thought that
AVs would enable them to travel more often.

Analysis and Discussion
Experience in owning or leasing an AFV

As summarized in Table 2.3, a binary Probit model (Model 1A) was estimated to figure out how
the experience inn owning or leasing an AFV can be explained by household characteristics,
experience with different travel modes, and access to charging infrastructure for AFVs. Regarding
the goodness of fit, McFadden’s R squared of the model is 0.192. The model has the Akaike's
Information Criteria (AIC) value of 1539.91 and the Bayesian Information Criteria (BIC) value of
1609.80. No evidence was found for unobserved heterogeneity in the sample, given that no
explanatory variables were found to have random parameters. This study considers a coefficient
meaningful to interpret when its p-value is lower than 0.1.

According to Model 1A, notably, the experience in owning or leasing an AFV has a
positive relationship with the experience with “Carsharing.” Specifically, those who use carsharing
are 13.02 percent more likely to have experience in owning or leasing an AFV, compared to those
who are unfamiliar with it, according to the marginal effect (M.E.) in Table 2.3. This relationship
can be understood in the sense that a person gets a chance to use different types of vehicles
including AFVs when using carsharing, which can make the person more interested in AFVs. At
the same time, those who do not use “Carsharing” are 1.94 percent more likely to have experience
in owning or leasing an AFV than those who are unfamiliar with it. When it comes to access to
charging infrastructure, expectedly, the experience in owning or leasing an AFV has a positive
relationship with having access to EV charging spots and Hydrogen fueling stations in the local
area, which is consistent with a previous study (39). For example, it is revealed that those who
have access to several EV charging spots are 3.39 percent more likely to have experience in owning
or leasing an AFV. Meanwhile, the experience in owning or leasing an AFV is also associated
with household characteristics. As expected, it has a positive relationship with household size and
the possession of solar panels. Specifically, having solar panels in the household is positively
correlated with having experience in owning or leasing an AFV by 3.57 percent. This implies that
those who have such eco-friendly equipment for electricity generation would become more likely
to decide to adopt an AFV.

Development of “AV Inclination Index”

By integrating willingness to own an AV, use AV ride-hailing services, and use SAV ride-hailing
services, the “AV inclination index” was developed to quantify individual inclination toward AV-
based travel options. As shown in Table 2.4 and Figure 2.2, the index has scores from 0 to 7. The
higher an individual's score is, the more inclined the person is toward AV-based travel options.
The average and standard deviation are 2.38 and 1.71, respectively. It is revealed that the highest
proportion of respondents, 21.8%, had a score of 3, while 20.0 percent of respondents had a score
of 0.
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Table 2.3 Model 1A (Binary Probit): Experience in owning or leasing an AFV

Explanatory Variables B P-value M.E.(%)
Household Characteristics
Household size 0.121 <0.001 1.15
Possession of solar panels 0.376 <0.001 3.57

Experience with “Carsharing”

Not familiar with it Base Base Base

Not available in the local area 0.123 0.224 1.04

Auvailable, but not using it 0.215 0.014 1.94

Available, and using it 0.910 <0.001 13.02
Access to EV charging spots in the local area

No Base Base Base

One place 0.413 0.038 3.41

A few places 0.170 0.339 1.16

Several places 0.411 0.019 3.39

Not sure 0.451 0.013 3.83
Access to Hydrogen fueling stations (1/0) 0.978 <0.001 9.28
Constant -2.741 <0.001 NA
Summary Statistics
Sample Size (N) 4,248
McFadden’s Pseudo R? 0.192
AlC 1539.91
BIC 1609.80
Notes:

Coefficients (8’s) with a p-value lower than 0.1 are considered meaningful.
M.E. (%) indicates the marginal effect of each variable on the chance (%) of having experience with an AFV.
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Table 2.4 AV Inclination Index

AV Inclination Index Frequency Percentage (%)
0 850 20.0
1 588 13.8
2 713 16.8
3 926 21.8
4 691 16.3
5 359 8.5
6 106 25
7 15 0.4

Notes: This index was developed by combining:

(1) Willingness to own an AV (3-point scale: 0 to 2),

(2) Willingness to use AV ride-hailing services (3-point scale: 0 to 2), and
(3) Willingness to use SAV ride-hailing services (4-point scale: 0 to 3).

21




Frequency
600 800 1000
| 1 1

400
!

200
|

0

2 4
AV _Inclination_Index

Figure 2.2 AV Inclination Index
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Alternatives structures of AV Inclination Index

In this study, the AV inclination index was developed in a straightforward manner by keeping the
original structure of the three variables, i.e., willingness to own an AV, willingness to use AV ride-
hailing services, and willingness to use SAV ride-hailing services. However, the AV inclination
index can be developed in various manners from different perspectives. When assuming that
owning an AV represents a stronger inclination toward transportation automation than using AV
ride-hailing services and SAV ride-hailing services, for instance, the willingness to own an AV
can be weighted more than the willingness to use AV ride-hailing services and the willingness to
use SAV ride-hailing services. The following is an example of the alternative structure of the AV
inclination index that weighs the willingness to own an AV.

e Willingness to own an AV has scores of 0, 2, and 4.

e Willingness to use AV ride-hailing services has scores of 0, 1, 2.

e Willingness to use SAV ride-hailing services has scores of 0, 1, 2, and 3.
e AV inclination index has scores from 0 to 9.

Moreover, the AV inclination index can be developed with more sophisticated weighting methods.
When assuming that using AV ride-hailing services represents a stronger inclination toward
transportation automation than using SAV ride-hailing services while representing a weaker
inclination than owning an AV, the willingness to use AV ride-hailing services can be weighted
more than the willingness to use SAV ride-hailing services but less than owning an AV. From this
perspective, the following is a simple example of a structure of the AV inclination index.

e Willingness to own an AV has scores of 0, 3, and 6.

e Willingness to use AV ride-hailing services has scores of 0, 2, and 4.

e Willingness to use SAV ride-hailing services has scores of 0, 1, 2, and 3.
e AV inclination index has scores from 0 to 13.

Future research may explore how to develop a reasonable structure for the AV inclination index.
Concerning this item, the weighting methods should not be affected by researchers’ personal bias
or subjective judgment. In this regard, this study keeps the original structure of the variables in
developing the AV inclination index.

AV Inclination Index and AFV experience

Regarding the AV inclination index, it was observed that those people with experience in owning
or leasing an AFV (AFV experience =1) tended to have a higher inclination toward AV-based
travel options, as shown in Figure 2.3. The average AV inclination index score of those people
with AFV experience was 3.22, whereas the average of those people without AFV experience was
2.32. Especially, more than 20 percent of those people without AFV experience have a score of 0,
whereas about 25 percent of those people without AFV experience have a score of 3. This
observation indicates that the AV inclination index and AFV experience would have a statistically
positive relationship. In modeling analysis, thus, the experience in owning or leasing an AFV was
included as an explanatory variable for the AV inclination index.
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Figure 2.3 AV Inclination Index scores by the experience in owning or leasing an AFV
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Inclination toward AV-based travel options

Considering the distribution of the AV inclination index scores, this study estimated a finite-
mixture Poisson model to figure out how individual inclination toward AV-based travel options
can be explained by household characteristics, experience with different travel modes, opinions
about AVs, and experience in owning or leasing an AFV. As shown in Table 2.5 and Figure 2.4,
the sample was clustered into two subpopulations, Class 1 and Class 2, by the model. Specifically,
28.3 percent of respondents were expected to fall into Class 1, the mean score of which was
estimated to be 1.648. The remaining 71.7 percent were expected to fall into Class 2, the mean
score of which was estimated to be 2.668. The results of the finite-mixture Poisson model (Model
2) are summarized in Table 2.6. The model fits well with the data, given that McFadden's R? is
0.261.

Within Class 2, notably, the AV inclination index has a positive relationship with the
experience in owning or leasing an AFV. Specifically, when an individual has experience in
owning or leasing an AFV, his or her AV inclination score is expected to be higher by 0.240. This
implies that vehicle electrification and automation could have a synergetic connection where AFV
adoptions boost not only AV adoptions but also the use of AV and SAV ride-hailing services in
the future. It should be noted that there is a chance that, within Class 2, part of those respondents
with the AFV experience had already been inclined to AV-based travel options before owning or
leasing an AFV, which needs further investigation in future studies with appropriate datasets.
Within Class 2, besides, the AV inclination index has a positive relationship with the willingness
to work more in the AV. In detail, a unit increase in the willingness to work more in the AV is
correlated with a higher AV inclination index by 0.117. Nonetheless, the relationship between
these variables is not significant within Class 1, which reveals unobserved heterogeneity.

For both classes, the AV inclination index is found to have a positive relationship with
annual household income, which is consistent with a previous study (25). According to the
marginal effects (M.E.) in Table 2.6, a 1000-dollar increase in the annual household income is
correlated with a higher score of the AV inclination index by 0.002. Likewise, for both classes,
those who use shared ride-hailing services are more likely to be inclined toward AV-based travel
options than those unfamiliar with shared ride-hailing services. Further, for both classes, the AV
inclination index has a positive relationship with the willingness to accept longer travel times by
AV, willingness to allow an AV without a driver to pick up or drop off a child, and anticipation of
gaining options for frequent travel. For instance, as shown in Table 2.6, within Class 2, a unit
increase in the willingness to allow an AV without a driver to pick up or drop off a child is
positively correlated with a higher AV inclination index by 0.342. Within Class 1, for example, a
unit increase in anticipation of traveling more often by AV is positively associated with a higher
AV inclination index by 0.878. These results indicate that , for both classes, the anticipation of
gaining options for frequent travel can be a significant motivation for choosing AV-based travel
options in the future. Meanwhile, when an individual does not use carsharing, if available, his or
her AV inclination index score would be higher by 0.391 within Class 1 and by 0.248 within Class
2 compared to when not familiar with carsharing. These results indicate that AV-based travel
options could attract part of those who are currently reluctant to use carsharing. They can be
significantly attracted by the fact that they do not have to drive in a high-level AV. On the other
hand, within Class 1, the AV inclination index has a negative relationship with using carsharing.
Specifically, within Class 1, when an individual uses carsharing, if available, his or her AV
inclination index score would be lower by 0.577. This indicates that AV-based travel options
would not attract part of those who are already using carsharing.
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Table 2.5 Subpopulations with regard to AV Inclination Index
) 95% Confidence Interval (Mean)
Class Proportion (%) | Mean (Score) p-value
Lower Upper
Class 1 28.3 1.648 <0.001 1.388 1.908
Class 2 717 2.668 <0.001 2.559 2.777
AV Inclination Index
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Figure 2.4 Prediction of AV Inclination Index by subpopulation
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Table 2.6 Model 2 (Finite-Mixture Poisson): AV Inclination Index

Explanatory Variables Class 1 Class 2
B P-value | M.E. B P-value | M.E.
Household Characteristics
é;]ggai'nht%‘ff:aﬂgsi)”come 0.002| 0007| 0.002| 0001| <0.001| 0.002
Experience with “Shared ride-hailing”
Not familiar with it Base Base Base Base Base | Base
Not available in the local area 0.155 0.556 | 0.209 0.022 0.736 | 0.058
Available, but not using it 0.273 0.148 | 0.390 | -0.057 0.163 | -0.147
Available, and using it 0.473 0.019 | 0.752 | 0.148 0.001 | 0.423
Experience with “Carsharing”
Not familiar with it Base Base Base Base Base | Base
Not available in the local area 0.170 0.198 | 0.267 0.048 0.232 | 0.126
Available, but not using it 0.240 0.033 | 0.391 0.093 0.006 | 0.248
Auvailable, and using it -0.511 0.042 | -0.577 0.032 0.684 | 0.083
iﬁ\’fzil%ge in owning or leasing an -0.089 | 0591 | -0.146 | 0.090 | 0.054 | 0.240
Opinions about AVs (4-point scale)
I would accept longer travel times for safety. 0.241 0.001 | 0.396 0.129 <0.001 | 0.344
I would work more in the AV. 0.070 0.197 | 0.115 0.044 0.008 | 0.117
L:’gﬁ‘fj’g (a;'rogy o Oﬁf\)’r‘r’f}"tgﬁﬂga driver to 0.26| 0.015| 0.207 | 0.128| <0.001| 0.342
AVs would enable me to travel more often. 0.533 | <0.001| 0.878 0.043 0.016 | 0.115
Constant -1.657 | <0.001 NA | 0.410| <0.001 NA
Summary Statistics
Sample Size (N) 4,248
McFadden’s Pseudo R? 0.261
AlC 14,715.01
BIC 14,886.57
Notes:

Coefficients (f’s) with a p-value lower than 0.1 are considered meaningful.
M.E. indicates the marginal effect of each explanatory variable on the AV inclination index score.
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Path analysis

Based on Models 1A and 2, the path analysis results are summarized with marginal effects in
Figure 2.5 and Table 2.7. Throughout the path analysis, within Class 2, notably, the experience
in owning or leasing an AFV is associated with a higher score of the AV inclination index by
0.240. On the other hand, within Class 1, the AV inclination index score does not have a
statistically significant relationship with the experience in owning or leasing an AFV. Regarding
the experience with different travel modes, using available “Carsharing” is associated with a higher
chance of having experience in owning or leasing an AFV by 13.02%, which is indirectly
correlated with a higher AV inclination index score by 0.031 within Class 2. At the same time,
within Class 2, not using available “Carsharing” is directly associated with an increase in the score
of the AV inclination index by 0.248. Using “Shared ride-hailing services” is directly associated
with an increase in the AV inclination index score by 0.752 and 0.423 within Class 1 and Class 2,
respectively.

Concerning AFV charging infrastructure, having access to EV charging spots in several
places is correlated with a higher chance of owning or leasing an AFV by 3.39%, which is
indirectly associated with a higher score of the AV inclination index by 0.008 within Class 2.
Likewise, having access to Hydrogen fueling stations is associated with an increase in the chance
of owning or leasing an AFV by 9.28%, which is correlated with a higher score of AV inclination
index by 0.022 within Class 2. These results within the path-analytic framework imply that, as
expected, travelers’ inclination toward AV-based travel options would be indirectly associated
with their exposure to AFV charging infrastructure in their local area.

When it comes to individual opinions about AVSs, a unit increase in the willingness to
accept longer travel times by AV is directly correlated with a higher AV inclination index score
by 0.396 within Class 1 and 0.344 within Class 2, respectively. A unit increase in anticipation of
traveling more often by AV is directly associated with a higher AV inclination index score by
0.878 within Class 1 and 0.115 within Class 2. Likewise, a unit increase in the willingness to pick
up or drop off a child by AV without a driver is directly correlated with a higher AV inclination
index score by 0.207 within Class 1 and 0.342 within Class 2. Besides, a unit increase in the
willingness to work more in the AV is directly associated with a higher AV inclination index score
by 0.117 within Class 2, whereas this relationship is not the case for Class 1. These results provide
the evidence of unobserved heterogeneity in how individuals become inclined toward AV-based
travel options.

Potential backward relationship

To explore the potential backward relationship from the AV inclination index to the AFV
experience, as shown in Table 2.8, an additional binary Probit model (Model 1B) was estimated
to figure out how the AFV experience can be affected by the AV inclination index. This model
can be interpreted based on the assumption that the AV inclination index of those people with AFV
experience was the same in the past before adopting an AFV. When applying this assumption, a
unit increase in the AV inclination index is positively associated with the AFV experience by
0.73%. However, the assumption would not be the case. Now that the data has no information on
the AV inclination index in the past, especially before adopting an AFV, the potential backward
relationship from the inclination toward AV-based travel options to AFV experience requires
further investigation in future studies with appropriate datasets such as panel surveys to keep track
of individuals’ travel behavior.
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Table 2.7 Path Analysis Results with Marginal Effects

M.E. on M.E. on the AV inclination index score
Explanatory Variables ex pérFi}e/n ce Class 1 Class2
(%) Direct | Direct | Indirect | Total

Household Characteristics
Household size 1.15 0.003 | 0.003
Annual household income (USD in thousands) 0.002 0.002 0.002
Possession of solar panels 3.57 0.009 0.009
Experience with “Shared ride-hailing”

Not familiar with it Base Base Base Base Base

Not available in the local area

Available, but not using it

Available, and using it 0.752 0.423 ---| 0.423
Experience with “Carsharing”

Not familiar with it Base Base Base Base Base

Not available in the local area

Available, but not using it 1.94 0.391 0.248 0.005 | 0.252

Available, and using it 13.02 -0.577 0.031 0.031
Access to EV charging spots

No Base Base Base Base Base

One place 341 0.008 0.008

A few places

Several places 3.39 0.008 0.008

Not sure 3.83 0.009 0.009
Access to Hydrogen fueling stations 9.28 0.022 0.022
Opinions about AVs (4-point scale)

I would accept longer travel times for safety. 0.396 0.344 0.344

I would work more in the AV. 0.117 0.117

égyzﬂé%zzlil%wm?gi\lld\llvithout a driver to pick up 0.207 0.342 0.342

AVs would enable me to travel more often. 0.878 0.115 0.115

Notes:
--- indicates that it is not significant at the 10% level.

M.E. indicates the marginal effect of each explanatory variable.

For Class 2, the marginal effect of AFV experience on the AV inclination index score is 0.240.
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Table 2.8 Model 1B (Binary Probit): Experience in owning or leasing an AFV

Explanatory Variables B P-value M.E.(%)
Household Characteristics
Household size 0.116 <0.001 1.09
Possession of solar panels 0.378 <0.001 3.56

Experience with “Carsharing”

Not familiar with it Base Base Base

Not available in the local area 0.103 0.310 0.88

Auvailable, but not using it 0.184 0.037 1.65

Available, and using it 0.848 <0.001 11.79
Access to EV charging spots in the local area

No Base Base Base

One place 0.400 0.046 3.46

A few places 0.140 0.433 1.00

Several places 0.350 0.049 291

Not sure 0.374 0.041 3.17
Access to Hydrogen fueling stations (1/0) 0.942 <0.001 8.86
AV Inclination Index 0.078 <0.001 0.73
Constant -2.864 <0.001 NA
Summary Statistics
Sample Size (N) 4,248
McFadden’s Pseudo R? 0.199
AIC 1529.51
BIC 1605.76
Notes:

Coefficients (8’s) with a p-value lower than 0.1 are considered meaningful.
M.E. (%) indicates the marginal effect of each variable on the chance (%) of having experience with an AFV.
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Limitations

Now that the survey data is from a specific region, California, the results of this study should be
interpreted within the context of California. Given that California is considered one of the EV-
friendly states with policies to support transportation electrification, such as the Clean Vehicle
Rebate Programs for individuals and businesses, part of the survey results could be different if a
case study were performed in another region with different contexts (40-41). If a case study were
conducted in another state or country with fewer policies to support AFV adoptions, the proportion
of AFV owners would be lower than 5.8%. Likewise, the proportion of shared ride-hailing service
users would be lower than 19.7% if a case study were conducted in another state or country with
lower availability of that service. Accordingly, it is expected that the impact of those variables
highly related to the regional contexts is less generalizable compared to those variables that are
little related to the regional contexts. For example, the positive relationship between using
carsharing and adopting an AFV might be weaker in other regions without an electric carsharing
program than in California with an electric carsharing program, BlueLA, in Los Angeles (42).
Future studies would be able to overcome this limitation by performing surveys in other states or
countries to obtain more generalizable findings. Even though the AV inclination index developed
in this study is capable of quantifying individuals’ general inclination toward AV-based travel
options, it does not capture different natures among AV-based travel options. Thus, separate
models for three AV-based travel options are additionally estimated in the Appendix of this
chapter. In future studies, it would be meaningful to conduct a deeper analysis of each AV-based
travel option.

CONCLUSION

With survey data from California, this study investigated key relationships that include correlates
of AFV adoption, what makes individuals inclined to AV-based travel options in the future, and
how AFV adoption and inclination toward AV-based travel options are associated with each other.
Currently, residents in California seem partially ready to embrace vehicle electrification and
automation. Results reveal that 5.8 percent of respondents have owned or leased an AFV, while
the average "AV inclination index" score is 2.38 on a scale of 0 to 7. Specifically, 53.9 percent of
respondents are willing to purchase an AV in the future. While 56.7 percent of respondents are
willing to use AV ride-hailing services, 33.1 percent are willing to use SAV ride-hailing services.
Using a rigorous path-analytic systems framework, this study provides appropriate information
that may be considered by transportation planners, engineers, and policymakers. Through insights
into how likely individuals are willing to embrace vehicle electrification and automation, this study
contributes to understanding emergent societal trends.

Importantly, individual experience in owning or leasing an AFV is correlated with vehicle
automation, although this would not necessarily be the case for the entire population. Contributing
factors for AFV adoptions include expansion of AFV charging infrastructure, exposure to shared
travel modes such as carsharing, and experience with eco-friendly equipment such as solar panels.
According to the path-analysis results, these factors would be indirectly associated with
willingness to use AV-based travel options in the future. In this regard, efforts for successful
vehicle electrification are expected to indirectly facilitate vehicle automation in the future. On the
other hand, these relationships indicate that the diffusion of AV-based travel options can be
disproportionate among travelers depending on whether a person has owned or leased an AFV
when AFVs are not widely adopted. That is, those people with high exposure to AFVs are more
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likely to choose AV-based travel options in the future. For a smooth transition to transportation
electrification and automation, in this regard, planners and policymakers should be prepared for
potential variations in the demand for electrified and/or automated travel modes in the future by
taking these relationships into account.

The results from this study suggest potential heterogeneity in general inclination toward
AV-based travel options. Specifically, clustering the population into classes shows that, within a
subpopulation (Class 2) with a higher mean score of AV inclination index, the proclivity toward
AV-based travel options is positively correlated with the willingness to work in the AV, while this
relationship is not significant within the other subpopulation (Class 1) with a lower mean score of
AV inclination index. Likewise, the positive relationship between the AV inclination index score
and the AFV experience is significant only within Class 2 with a higher mean score of AV
inclination index.

This study reveals that individual experience with shared travel modes in the local area
could be positively associated with adopting both AFV and AV technologies. Vehicle
electrification and automation can be accelerated in the regions with high availability and quality
of shared travel modes than in the regions with low availability and quality of those modes.
However, this might result in disparities in the diffusion of AFVs and AV-based travel options
among regions, which needs further investigation.
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APPENDIX

As shown in Table 2.9, separate Poisson models (Models 3A, 3B, and 3C) were estimated to
further explore individual components of the AV inclination index, i.e., willingness to own an AV
(3-point scale), willingness to use AV ride-hailing services (3-point scale), and willingness to use
SAV ride-hailing services (4-point scale). The results are generally consistent with Model 2 for
the AV inclination index, while a few relationships have some variations across the separate
models. For example, the experience in owning or leasing an AFV is correlated with a higher
willingness to own an AV by 0.145, while having a statistically insignificant relationship with the
willingness to use AV ride-hailing services and the willingness to use SAV ride-hailing services.
Besides, using shared ride-hailing services is associated with a higher willingness to use AV ride-
hailing services and willingness to use SAV ride-hailing services by 0.092 and 0.390, respectively.
On the other hand, its relationship with the willingness to own an AV is statistically insignificant.
This indicates the inertia of using ride-hailing services. Furthermore, not using carsharing is
correlated with a higher willingness to own an AV by 0.069 and a higher willingness to use SAV
ride-hailing services by 0.196, whereas its relationship with the willingness to use AV ride-hailing
services is statistically insignificant. Concerning opinions about AVs, the willingness to work
more in the AV is associated with a higher willingness to own an AV by 0.070 and a higher
willingness to use AV ride-hailing services by 0.049. This indicates that people tend to consider
sharing an AV inappropriate for working in the AV.

33


http://www.nrel.gov/tsdc

Table 2.9 Models 3A, 3B, and 3C (Poisson): Willingness to use AV-based travel options

Model 3A:

Willingness to

Model 3B:

Willingness to use AV

Model 3C:
Willingness to use SAV

Explanatory Variables own an AV ride-hailing services ride-hailing services
P- P- P-

B value M.E. B value M.E. B value M.E.
Household Characteristics
Annual household
income 0.002 | <0.001 | 0.001 0.002 | <0.001 | 0.001 | <0.001 0.320 | <0.001
(USD in thousands)
Experience with “Shared ride-hailing”
Not familiar with it Base Base Base Base Base Base Base Base Base
':r%;a"a"ab'e inthelocal | o5 | 0782 | 0015| 0017 | 0846| 0011 | 0041 | 0547 | 0043
Available, but not using it | 0.020 | 0.744 | 0.012 0.054 | 0.351| 0.034 | -0.062 | 0.167 | -0.062
Available, and using it 0.085 0.213 | 0.054 0.139 0.036 | 0.092 0.319 | <0.001 0.390
Experience with “Carsharing”
Not familiar with it Base Base Base Base Base Base Base Base Base
':r‘;;a"a"ab'e inthelocal | 690 | 0121 | 0055 | 0076 | 0175| 0050 | 0077 | 0082 | 0.080
Available, but not using it | 0.111 0.026 | 0.069 0.054 0.267 | 0.035 0.179 | <0.001 0.196
Available, and using it 0.053 0.634 | 0.032 | -0.248 | 0.052 | -0.139 | -0.034 | 0.716 | -0.033
Experience in owning i i
or leasing an AFV (1/0) 0.231 0.001 | 0.145 0.074 | 0.304 | 0.049 0.040 | 0.502 | -0.044
Opinions about AVs (4-point scale)
| would accept longer 0.229 | <0.001 | 0.144 | 0.181 | <0.001 | 0.119 | 0.118 | <0.001 | 0.128
travel times for safety.
'A"{’/"“'d workmoreinthe | ¢ 149 | <9001 | 0070 | 0.074| 0001 | 0049 | <0.001| 0980 -0.001
I would allow an AV
without a driver to pick 0.170 | <0.001 0.107 0.112 | <0.001 | 0.074 0.132 | <0.001 0.144
up (or drop off) my child.
AVswould enableme to | 558 | (9001 | 0131 | 0182 |<0.001| 0.119| 0041| 0017| 0045
travel more often.
Constant -1.800 | <0.001 NA | -1.464 | <0.001 NA | -0.413 | <0.001 NA
Summary Statistics
Sample Size (N) 4,248 4,248 4,248
McFadden’s Pseudo R? 0.118 0.072 0.040
AlC 7,391.93 7,860.12 10,958.34
BIC 7,474.53 7,942.73 11,040.94
Notes:

Coefficients (f’s) with a p-value lower than 0.1 are considered meaningful.
M.E. indicates the marginal effect of each explanatory variable
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Chapter 3. Adoption of Different Types of Electric Vehicles:
Are Commercial Light-Duty Fleet Owners Interested?
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ABSTRACT

Vehicle electrification is playing an increasingly important role in developing a sustainable
transportation system by addressing energy and environmental issues. In addition to Electric
Vehicle (EV) acquisition by individual drivers, fleet owners in the commercial sector also have the
potential to adopt a considerable amount of EVs. Focusing on commercial light-duty vehicles
weighing less than 10,000 pounds, this study explores whether and to what extent the commercial
sector is interested in different types of EVs such as Plug-in Hybrid Electric Vehicles (PHEVs),
Battery Electric Vehicles (BEVs), and Fuel Cell Electric Vehicles (FCEVs). The study harnesses
data from the 2019 California Vehicle Survey (N=2,301), which interviewed a wide range of
commercial light-duty fleet owners. After descriptive analysis, rigorous statistical regression
models are estimated to understand the relationships between the intention of EV adoption and
company characteristics as well as specific concerns about EVs, while addressing unobserved
heterogeneity. Results reveal that 60.9 percent of the companies are interested in adopting either
HEVs, PHEVs, BEVs, or FCEVs. Companies in the “healthcare and social assistance,”
“transportation and warehousing,” and “professional, scientific and technical services” industries
are found to be more interested in adopting EVs. The key barriers to EV adoption by commercial
light-duty fleet owners include the limited hauling capacity of PHEVs, the limited range of BEVs,
and the cost of installing fueling equipment for FCEVs. The findings from this study will provide
transportation planners, policymakers, and the EV industry with useful insights into barriers to and
opportunities for vehicle electrification from the commercial sector’s perspective.

Keywords: Electric Vehicle Adoption, Commercial Light-Duty Fleet Owners, Plug-in Hybrid
Electric Vehicles, Battery Electric Vehicles, Fuel Cell Electric Vehicles

INTRODUCTION

Vehicle electrification is expected to play an increasingly important role in developing a
sustainable transportation system by dealing with energy and environmental issues, a significant
part of which is caused by surface transportation. Specifically, it is known that air quality could be
improved by using electric vehicles (EVs) depending on the type of electricity source for EVs (4-
5). According to a previous study, driving an EV can considerably reduce the pollution cost
resulting from air pollutants such as Carbon Dioxide (C0,) and Particulate Matter up to 10 (PM;)
compared to driving a conventional vehicle (4). In terms of fuel economy, besides, it is known that
EVs are more efficient than those vehicles with a gasoline engine (43-44). Especially, truck
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electrification was found to have the potential to reduce energy consumption and costs of truck
operations (45). With these hopeful expectations, EV adoption has been gradually increasing in
the United States although it is in its early stage of diffusion. According to statistics, the annual
sales of Plug-in Electric vehicles (PEVs) including Plug-in Hybrid Electric Vehicles (PHEVs) and
Battery Electric Vehicles (BEVs) in the United States have increased from 345 units in 2010 to
329,528 units in 2019 (46). Accordingly, the market share of PEVs is about 2 percent, and the
cumulative sales since December 2010 are more than 1.45 million as of 2019 (46). Meanwhile, a
study of EV diffusion in Portugal expected that the market share of EVs in Portugal would reach
up to 10 percent by 2030 (47).

Concerning EV diffusion, it should be noted that EVs can be adopted not only by individual
drivers but also by the commercial sector. Notably, the commercial sector has the potential of
purchasing a huge amount of EVs considering that there are more than 140 million commercial
vehicles in use which takes 53.7 percent of all vehicles in use in the United States as of 2015 (48).
This implies that the pace of vehicle electrification would be quite dependent on how the
commercial sector will be favorable to EVs. Another reason that EV adoption by the commercial
sector in the future is especially important is that larger vehicles typically consume more fuel and
emit more gasses into the atmosphere (49-50). That is, the impact of EV adoption by the
commercial sector on the environment and energy would be more powerful than that by individual
drivers. Meanwhile, vehicle electrification is currently in development with different types of EVs
in terms of how they are powered and charged including Hybrid Electric Vehicles (HEVs), Plug-
in Hybrid Electric Vehicles (PHEVs), Battery Electric Vehicles (BEVs), and Fuel Cell Electric
Vehicles (FCEVs) (51-52). Thus, it is also worthy to look into the aspects of different types of EVs.

Focusing on commercial light-duty vehicles with less than 10,000 pounds of gross weight,
this study aims to investigate what makes light-duty fleet owners in the commercial sector willing
or unwilling to adopt different types of EVs in the future. The analysis is conducted by
investigating their willingness to adopt different types of EVs while exploring potential
unobserved heterogeneity in contributing factors. The findings from this study will offer deep
insights into opportunities and barriers to vehicle electrification from the commercial sector’s
perspective, which will be a useful reference for transportation planners, policymakers, and the
EV industry.

LITERATURE REVIEW
Types of Electric Vehicles

As this study covers different types of EVs, this section briefly introduces EV types as summarized
in Figure 3.1. According to the United States Department of Energy (USDOE), BEVs, PHEVs,
and HEVs can be colloquially called EVs (57). While BEVs are powered solely by electricity,
PHEVs and HEVs are powered by both liquid fuels and electricity (57). The difference between
PHEVs and HEVs is that PHEVs should be plugged into an electric power source to charge a
battery as described in Figure 3.2, whereas HEV batteries are charged only by regenerative braking
and not charged by plugging in (57-53). Besides, FCEVs are powered solely by electricity and
fueled with hydrogen gas as described in Figure 3.3 (52) (54). The common feature of HEVs,
PHEVs, BEVs, and FCEVs is that they can be charged by regenerative braking (57-52).
Meanwhile, PHEVs and BEVs can be grouped into Plug-in Electric Vehicles (PEVs) given that
they are plugged into an EV charger (517).
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Figure 3.1 Type of Electric Vehicles

38



Plug-in Hybrid Electric Vehicle

Exhaust System

Internal combustion engine Fuel Filler

(spark ignited)

Power Electronics Controller

DC/DC Converter

Thermal System (c Fuel Tank (gasoline)

Traction Battery Pack

Charge Port
~ Electric Traction Motor
~ Electric Generator
- Transmission
""- oard Charger

" Battery (auxiliary)

Figure 3.2 Plug-in Hybrid Electric Vehicles (PHEVS) (53)
i Battery Pack

Electric Traction Motor
" P : Fuel Filler
, N d
DC/DC Converter > g

Thermal System (cooling) Fuel Tank (hydrogen)

Figure 3.3 Fuel Cell Electric Vehicles (FCEVs) (54)
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Previous Studies

There have been efforts to explore individual attitudes toward EVs based on surveys. Notably, it
was revealed that charger availability in households and awareness of EV technologies had positive
impacts on individuals’ acceptance of EVs, while electricity price hurt their acceptance of EVs
(55). In addition, a survey of new-vehicle buyers found that the most frequent concerns about EVs
were limited range (mile/battery), charger availability, and high vehicle price (56). It also
suggested that those who were interested in EVs tended to think that owning EVs would make
them look intelligent and responsible for the support of the environment (56). Another survey of
vehicle consumers revealed that model availability, warranty coverage, and environmental
friendliness were the key reasons for choosing EVs, while vehicle price was a critical reason for
rejecting EVs (57). Further, it was revealed that vehicle consumers’ intention to purchase EVs was
highly influenced by EV charging time (58). On the other hand, it was reported that 19-21% of
PHEV and BEV adopters stopped adopting them between 2015 and 2019 mainly due to
dissatisfaction with EV charging, preferences for other types of vehicles, and not having level 2
chargers at home (59). Recently, there was an attempt to investigate vehicle consumer preferences
for vehicle electrification in addition to automation and car-sharing, which identified positive
interrelationships among them (30).

Although the previous studies have identified some important factors affecting the
acceptance or rejection of EVs at an individual level, there is a paucity of studies addressing
commercial light-duty fleet owners’ preference for EVs. Given that more than 1.4 million vehicles
are in use in the commercial sector in the United States as of 2015 (60), it would be necessary to
investigate their point of view as well as individual drivers’ viewpoint regarding vehicle
electrification. Another gap in the literature is that few studies have explored the preference for
different types of EVs in detail. Although there was a previous attempt to cover the proclivity of
the commercial sector to adopt Alternative Fuel Vehicles (AFVs), for instance, it did not classify
AFVs into different types (6/). This study fills these gaps by investigating the commercial light-
duty fleet owners’ intention to adopt different types of EVs including PHEVs, BEVs, and FCEVs.

METHODOLOGY
Conceptual Framework

As shown in Figure 3.4, this study investigates how commercial light-duty fleet owners’ intention
to adopt EVs can be explained by their company characteristics and specific concerns about EVs.
The intention to adopt EVs is divided into the intention to adopt (1) PHEVs, (2) BEVs, and (3)
FCEVs. Although the survey data has information on the intention to adopt HEVs, this study does
not explore it because the survey data does not have appropriate variables relevant to concerns
about HEVs or HEV use. Concerns about EVs consist of specific concerns about PHEVs, BEVs,
and FCEVs, while company characteristics include industry types, ownership of different types of
EVs, having access to different types of refueling infrastructure, and plans for installing charging
infrastructure.

Statistical analysis is performed by estimating rigorous regression models. Specifically, the
intention to adopt PHEVs in the future is explained by company characteristics and specific
concerns about PHEVs. The intention to adopt BEVs in the future is explained by company
characteristics and specific concerns about BEVs. Likewise, the intention to adopt FCEVs in the
future is explained by company characteristics and specific concerns about FCEVs.
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Data Source

This study utilizes part of data released by the National Renewable Energy Laboratory, United
States Department of Energy(USDOE) which is from the “2019 California Vehicle Survey”
conducted by the California Energy Commission (37). The survey is mainly a stated preference
survey consisting of the survey of residents and commercial light-duty fleet owners in California
(31). Especially, the commercial survey has interviewed commercial light-duty fleet owners to
collect general information about their companies, their concerns about EVs, and their intention to
adopt different fuel types for different vehicle classes. It should be noted that “commercial light-
duty fleets” in the data refer to those vehicles weighing less than 10,000 pounds including small
cars, mid-size cars, full-size cars, Sports Utility Vehicles (SUVs), crossovers, vans, small pickup
trucks, and large pickup trucks (37). The sample consists of 2,301 companies throughout 20
different types of industry in California based on the 2017 North American Industry Classification
System (NAICS) code (37). Table 3.1 shows the survey sample characteristics in terms of industry
type and company location. The distribution of location by county is consistent with the
distribution of population by county in California (34). Meanwhile, 17.8 percent of the sample are
classified into the construction industry, 8.8 percent are classified into the professional, scientific,
and technical services industry, and 6.6 percent are classified into the healthcare and social
assistance industry.

Table 3.2 presents ownership of vehicles by industry in terms fuel types. Overall, a vast
majority of commercial light-duty fleet owners rely on gasoline vehicles. In detail, 83.9 percent of
commercial light-duty fleet owners have gasoline vehicles. Notably, 90.6 percent and 88.8 percent
of the companies in the manufacturing and construction industries have gasoline vehicles,
respectively. In addition, 18.6 percent of commercial light-duty fleet owners have diesel vehicles.
Specifically, 50.5 percent and 35.0 percent of the companies in the construction agriculture,
forestry, fishing, and hunting industry and construction industry have diesel vehicles. On the other
hand, EVs are adopted by a minority of commercial light-duty fleet owners. It is revealed that 6.3
percent of commercial light-duty fleet owners have HEVs. Notably, 8.9% of the companies in the
wholesale trade industry have HEVs. Besides, 4.7 percent of commercial light-duty fleet owners
have PHEVs. Specifically, 11.8 percent of the companies in the healthcare and social assistance
industry have PHEVs. In addition, 7.4 percent of commercial light-duty fleet owners have BEVs.
Notably, 18.4 percent and 17.8 percent of the companies in the healthcare and social assistance
industry and professional, scientific, and technical services industry have BEVs, respectively.
Meanwhile, FCEVs are adopted by 0.6 percent of commercial light-duty fleet owners. Specifically,
5.6 percent of the companies in the real estate and rental and leasing industry have FCEVs.

Table 3.3 presents ownership of vehicles by industry in terms of vehicle size. Overall, a
majority of commercial light-duty fleet owners have small or large pickup trucks. In detail, small
or large pickup trucks are adopted by 53.3 percent of commercial light-duty fleet owners.
Specifically, 95.8 percent the companies in the agriculture, forestry, fishing, and hunting industry
have small or large pickup trucks. In addition, vans are adopted by 35.7 percent of commercial
light-duty fleet owners. Notably, 47.6 percent of the transportation and warehousing industry have
vans, respectively. Besides, SUVs or crossovers are adopted by 25.5 percent of commercial light-
duty fleet owners. Specifically, 41.4 percent of the companies in the professional, scientific, and
technical services industry have SUVs or crossovers. Meanwhile, small, mid-size, and full-size
cars are adopted by 27.8 percent of commercial light-duty fleet owners. Notably, 43.1 percent and
42.8 percent of the companies in the professional, scientific, and technical services industry and
healthcare and social assistance industry, respectively.
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Table 3.1 Survey Sample Characteristics (Commercial Light-Duty Fleet Owners in California)

Sample Characteristics (N=2,301 commercial light-duty fleet owners) Frequency %
Industry Type (2017 NAICS Code)

Construction (23) 409 17.8
Other services (except public administration) (81) 301 13.1
Professional, scientific, and technical services (54) 202 8.8
Retail trade (44) 183 8.0
Manufacturing (31) 181 7.9
Healthcare and social assistance (62) 152 6.6
Wholesale trade (42) 124 5.4
Administrative and support and waste management and remediation services (56) 110 4.8
Agriculture, forestry, fishing, and hunting (11) 95 4.1
Real estate and rental and leasing (53) 90 3.9
Transportation and warehousing (48) 84 3.7
Other 370 16.1
Location by County

Los Angeles County 640 27.8
Orange County 221 9.6
San Diego County 192 8.3
Alameda County 125 54
San Bernardino County 89 3.9
Fresno County 87 3.8
Sacramento County 78 3.4
Riverside County 73 3.2
San Mateo County 65 2.8
Other 731 28.8
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Table 3.2 Vehicle Fuel Types by Industry

Total

Ownership of vehicles by fuel type

NAICS Gasoline Diesel HEVs PHEVs BEVs FCEVs
Code vehicles vehicles
Freq. | Freq. % Freq. % | Freq. % Freq. % | Freq. % | Freg.| %
23 409 363 | 88.8 | 143 | 35.0 19 4.6 16 3.9 9 2.2 2 0.5
81 301 268 | 89.0 37| 123 21 7.0 5 1.7 12 4.0 2 0.7
54 202 157 | 77.7 16 7.9 16 7.9 10 5.0 36| 17.8 1 0.5
44 183 149 | 814 32| 175 13 7.1 7 3.8 11 6.0 1 0.5
31 181 164 | 90.6 24 | 133 9 5.0 7 3.9 9 5.0 1 0.6
62 152 114 | 75.0 8 5.3 12 7.9 18 | 11.8 28 | 184 0 0.0
42 124 104 | 83.9 17 | 137 11 8.9 5 4.0 9 7.3 0 0.0
56 110 95 | 86.4 30| 27.3 5 4.5 5 4.5 3 2.7 0 0.0
11 95 83| 874 48 | 50.5 4 4.2 0 0.0 1 11 0 0.0
53 90 61| 67.8 13 | 144 4 4.4 6 6.7 13| 144 5 5.6
48 84 70 | 83.3 25| 29.8 5 6.0 6 7.1 3 3.6 0 0.0
Others 370 302 | 81.6 36 9.7 25 6.8 23 6.2 37 | 10.0 1 0.3
Total 2,301 | 1930 | 839 | 429 | 186 | 144 6.3 | 108 47| 171 7.4 13 0.6

Notes: The NAICS codes can be referred to in Table 3.1
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Table 3.3 Vehicle Sizes by Industry

Ownership of vehicles by size (less than 10,000 Ibs.)

NC':A‘ ICS Tol (smgﬁ;rzid- SUVs or Vans (sr-nrglli;:ll;fge

ode size/full-size) crossovers pickup trucks)

Freq. Freq. % Freq. % Freq. % Freq. %
23 409 75 18.3 79 19.3 133 325 349 85.3
81 301 74 24.6 50 16.6 161 53.5 143 47.5
54 202 87 43.1 83 41.1 43 21.3 60 29.7
44 183 48 26.2 43 23.5 71 38.8 89 48.6
31 181 48 26.5 29 16.0 63 34.8 113 62.4
62 152 65 42.8 54 35.5 61 40.1 28 18.4
42 124 36 29.0 27 21.8 53 42.7 52 41.9
56 110 27 245 18 16.4 37 33.6 82 74.5
11 95 15 15.8 27 28.4 6 6.3 91 95.8
53 90 30 333 32 35.6 14 15.6 46 51.1
48 84 19 22.6 21 25.0 40 47.6 41 48.8
Others 370 115 31.1 123 33.2 139 37.6 132 35.7
Total 2,301 639 27.8 586 255 821 35.7 1226 53.3

Notes: The NAICS codes can be referred to in Table 3.1
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Analysis Methods

For analysis, this study conducts a descriptive analysis to assess the interest of commercial light-
duty fleet owners toward EV adoption and to investigate company characteristics and their
concerns about EVs in detail. In addition, for analyzing the relationships between companies’
intention to adopt PHEVs, BEVs, or FCEVs and relevant factors, logistic regression models are
estimated (62). The dependent variables in the models are whether a company considers adopting
PHEVs, BEVs, or FCEVs in the future or not. Given that survey data might not capture some
influential variables due to a limited number of questions, this study investigates potential
unobserved heterogeneity in the impacts of explanatory variables (63-64). In order to capture
unobserved heterogeneity, this study attempts to estimate random parameters logit models by
assuming that the impact of an explanatory variable might vary from company to company (63-
64).

For the fixed parameters logit models, this study derives the marginal effects of explanatory
variables. The marginal effect of an explanatory variable is quantified as the change in the chance
that the dependent variable falls into a certain category due to a unit increase in the explanatory
variable when the other variables are fixed at their mean values (65). Since the explanatory
variables in this study have binary outcomes, Yes or No, the mathematical form of marginal effects
is written as follows (66).

P =UX) _ ply = iIX, X, = 1] = PIY = iIX, X; = 0] (1)

In equation (1) above, P[Y = i] is the probability that the dependent variable belongs to a
certain category i. Especially for logit models, i can take the value of 0 or 1. While X is a set of
explanatory variables, X, is the kth explanatory variable in a regression model. Accordingly, X, =
1 means that the explanatory variable has the outcome “Yes,” while X;, = 0 means that it has the
outcome “No.”

RESULTS
Key Statistics

The key results of the survey are summarized in Table 3.4 and Table 3.5. Most importantly, as
shown in Table 3.4, 60.9 percent of the companies are willing to adopt either HEVs, PHEVs,
BEVs, or FCEVs, while 39.1 percent are not interested in any of them. Specifically, 28.3%, 41.0%,
28.0%, and 7.4% of the companies have the intention to adopt HEVs, PHEVs, BEVs, and FCEVs,
respectively, in the future. This reveals that they currently tend to prefer to depend on both batteries
and internal combustion engines rather than depending solely on electricity.

As shown in Table 3.4, 60.5 percent of the companies are for profit. Concerning industry,
17.8 percent of the companies are categorized as “Construction,” while 8.8 percent are categorized
as “Professional, scientific, and technical services.” Regarding EV ownership, 6.3%, 4.7%, 7.4%,
and 0.6% of the companies own HEVs, PHEVs, BEVs, and FCEVs, respectively. When it comes
to refueling availability, 6.5 percent of the companies have access to gasoline or diesel refueling
facilities. While 3.1 percent of the companies have access to Level 1 (120V) chargers, 6.1 percent
have access to Level 2 (240V) chargers and 0.5 percent have access to DC fast chargers. Besides,
0.2 percent of the companies have Hydrogen refueling facilities.

Table 3.5 shows the companies’ top concerns about PHEVs, BEVs, and FCEVs in detail.
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Table 3.4 Key Statistics: Intention to Adopt EVs and Company Information (N=2,301)

Variable Frequency | Percentage (%)
Intention to adopt EVs in the future
Intention to adopt HEVS in the future 652 28.3
Intention to adopt PHEVSs in the future 944 41.0
Intention to adopt BEVs in the future 645 28.0
Intention to adopt FCEVs in the future 171 7.4
Intention to adopt HEVs, PHEVs, BEVs, or FCEVs in the future 1,401 60.9
Company Characteristics
For Profit 1,393 60.5
Industry
Construction 409 17.8
Wholesale trade 124 5.4
Transportation and warehousing 84 3.7
Healthcare and social assistance 152 6.6
Professional, scientific, and technical services 202 8.8
Other 1,330 57.8
Ownership of EVs
Ownership of HEVs 144 6.3
Ownership of PHEVs 108 4.7
Ownership of BEVs 171 7.4
Ownership of FCEVs 13 0.6
Ownership of HEVs, PHEVs, BEVs, or FCEVs 387 16.8
Access to gasoline or diesel refueling at or near the company 149 6.5
Access to Level 1(120V) chargers at or near the company 72 3.1
Access to Level 2(240V) chargers at or near the company 140 6.1
Access to DC fast chargers at or near the company 35 15
Access to Hydrogen refueling at or near the company 5 0.2
Planning on installing Level 1 chargers in the next 5 years 52 2.3
Planning on installing Level 2 chargers in the next 5 years 148 6.4
Planning on installing DC fast chargers in the next 5 years 43 19
Planning on installing Hydrogen refueling capabilities in the next 5 years 7 0.3
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Table 3.5 Key Statistics: Top Concerns about EVs (N=2,301)

Variable | Frequency | Percentage (%)
Top Concerns about PHEVs
Vehicle Price 817 35.5
Limited Number of Seats 192 8.3
Limited Hauling Capacity 869 37.8
Limited Body or Styling of Vehicle 400 174
Battery Life Uncertainty 942 40.9
Uncertain Gasoline/Electricity Price 236 10.3
Cost of Installing Charging Infrastructure 831 36.1
Lack of Charging Infrastructure 875 38.0
Charging Time 770 33.5
Uncertain Resale Value 193 8.4
Unreliable Technology 260 11.3
Other 111 4.8
No Concern 139 6.0
No Idea 227 9.9
Top Concerns about BEVs
Vehicle Price 718 31.2
Limited Range 953 41.4
Limited Number of Seats 158 6.9
Limited Hauling Capacity 736 32.0
Limited Body or Styling of Vehicle 287 12.5
Battery Life Uncertainty 742 32.3
Uncertain Gasoline/Electricity Price 158 6.9
Cost of Installing Charging Infrastructure 600 26.1
Lack of Charging Infrastructure 718 31.2
Charging Time 719 31.3
Uncertain Resale Value 150 6.5
Unreliable Technology 209 9.1
Fear of getting stranded on a job 652 28.3
Other 59 2.6
No Concern 70 3.0
No Idea 281 12.2
Top Concerns about FCEVs
Vehicle Price 672 29.2
Limited Number of Seats 132 5.7
Limited Hauling Capacity 518 22.5
Limited Body or Styling of Vehicle 279 12.1
Safety of Hydrogen Tank 611 26.6
Uncertain Gasoline/Hydrogen Price 496 21.6
Cost of Installing Fueling Equipment 675 29.3
Lack of Fueling Infrastructure 980 42.6
Uncertain Resale Value 215 9.3
Unreliable Technology 482 21.0
Other 42 1.8
No Concern 76 3.3
No Idea 714 31.0
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Regarding PHEVs, 40.9 percent of the companies consider “Battery Life Uncertainty” as one of
their top concerns. Moreover, 38.0% and 37.8% of the company have concerns about “Lack of
Charging Infrastructure” and “Limited Hauling Capacity,” respectively. In addition, 36.1% of the
companies have concerns about the cost of installing charging infrastructure for PHEVs.
Meanwhile, 9.9% of the companies have no idea about PHEVs. Concerning BEVs, 41.4 percent
of the companies consider “Limited Range” as one of their top concerns. In addition, 32.3% and
32.0% of the companies have concerns about “Battery Life Uncertainty” and “Limited Hauling
Capacity,” respectively. Furthermore, 31.3% of the companies have concerns about charging time.
Meanwhile, 12.2% of the companies have no idea about BEVs. Regarding FCEVs, 42.6 percent
of the companies consider “Lack of Fueling Infrastructure” as one of their top concerns. Besides,
29.3% and 29.2% of the companies have concerns about “Cost of Installing Fueling Equipment”
and “Vehicle Price,” respectively. Moreover, 26.6% of the companies have concerns about the
safety of Hydrogen tank. Meanwhile, 31.0% of the companies have no idea about FCEVs.

Modeling Results
Intention to Adopt PHEV:s in the future

As shown in Table 3.6, a fixed-parameter logit model was fitted to understand how explanatory
variables affect the probability that a company has intention to adopt PHEVs in the future. No
explanatory variables were found to have random parameters. The model was systematically
derived by considering the statistical significance and theoretical justification. This study considers
the coefficient of an explanatory variable to be meaningful when it is statistically significant at
least at the 10% confidence level. All the variables regarding top concerns about PHEVs were
included in the model for the sake of completeness. In Table 3.6, the coefficients (5’s) indicate the
relationship between the odds that a company has intention to adopt PHEVs and each explanatory
variable. For instance, the coefficient of “Construction” is -0.319, which indicates that the
commercial light-duty fleet owners in the construction industry are less likely to be willing to adopt
PHEVs in the future. To be specific, if a company belongs to the construction industry, the odds
of considering adopting PHEVs in the future decrease by 27.3% (=100-72.7(%)), given that the
exponential of the coefficient is 0.727 (e 7%31% = 0.727). Meanwhile, in Table 3.6, the marginal
effect (M.E.) of an explanatory variable quantifies the change in the chance that a company is
willing to adopt PHE Vs in the future due to a unit increase in the variable. For example, the chance
of having the intention to adopt PHEVs is reduced by 20.2% when having access to gasoline or
diesel refueling available at or near the company.

Notably, this model reveals that the commercial light-duty fleet owners’ intention to adopt
PHEVs in the future has a positive relationship with the healthcare and social assistance industry,
while having a negative relationship with the construction industry. Regarding EV ownership, the
intention to adopt PHEVs in the future has a positive relationship with ownership of HEVs and
PHEVs, while having a negative relationship with ownership of BEVs. Concerning access to
refueling infrastructure, the intention to adopt PHEVs in the future has a negative relationship with
having access to gasoline or diesel refueling at or near the company, while having a positive
relationship with having plans for installing Level 1 chargers. When it comes to specific concerns
about PHEVs, the intention to adopt PHE Vs has negative relationships with concerns about limited
hauling capacity and unreliable technology of PHEVs. Moreover, the intention to adopt PHEVs in
the future has a negative relationship with having no idea about PHEVs.
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Table 3.6 Intention to Adopt PHEVs (Fixed-parameter Logit Model)

Variable B P-value M.E. (%0)
Industry
Construction *** -0.319 0.008 -7.2
Healthcare and social assistance ** 0.449 0.013 10.1
Ownership of HEVS *** 0.529 0.004 11.9
Ownership of PHEVS *** 0.728 0.004 16.4
Ownership of BEVs *** -0.783 <0.001 -17.7
Access to gasoline or diesel refueling *** -0.897 <0.001 -20.2
Planning on installing Level 1 Chargers ** 0.677 0.026 15.3
Top Concerns about PHEVs
Vehicle Price -0.036 0.719 -0.8
Limited Number of Seats -0.012 0.938 -0.3
Limited Hauling Capacity *** -0.292 0.004 -6.6
Limited Body or Styling of Vehicle 0.132 0.269 3.0
Battery Life Uncertainty -0.150 0.133 -3.4
Uncertain Gasoline/Electricity Price 0.031 0.829 0.7
Cost of Installing Charging Infrastructure 0.065 0.514 15
Lack of Charging Infrastructure 0.001 0.989 0.0
Charging Time -0.081 0.422 -1.8
Uncertain Resale Value -0.065 0.684 -15
Unreliable Technology * -0.238 0.095 -5.4
Other -0.219 0.302 -4.9
No Concern -0.087 0.700 -2.0
No Idea *** -1.383 <0.001 -31.2
Constant 0.013 0.929 NA
Model Summary Value
Sample Size (N) 2,301
McFadden’s R? 0.053
AIC 2995.09
BIC 3121.39

Notes: Significance Level = *** 0.01, ** 0.05, and * 0.1

M.E. indicates the marginal effect of each variable on the chance of having the intention to adopt PHEVs.




Intention to Adopt BEVs in the future

As shown in Table 3.7, fixed- and random-parameter logit models were estimated to explain how
explanatory variables affect the probability that a company considers adopting BEVs in the future.
The fixed-parameter logit model's Akaike Information Criteria (AIC) value is 2,345.65, while the
Bayesian Information Criteria (BIC) value is 2,500.66 and McFadden’s R squared is 0.161. The
random-parameter logit model’s AIC value is 2,342.51, the BIC value is 2,503.26, and McFadden’s
R squared is 0.162. The random-parameter logit model shows a similar performance to that of the
fixed-parameter model in terms of goodness of fit, considering the values of McFadden’s R?, AIC,
and BIC. Particularly, the random-parameter model shows slight improvements in McFadden’s R?
and the AIC value, but no improvements in the BIC value.

Concerning unobserved heterogeneity, “having access to gasoline or diesel refueling at or
near the company” was found to have random parameters in relation to the dependent variable,
commercial light-duty fleet owners’ intention to adopt BEVs in the future. The mean of its
coefficient is estimated to be -2.782 at the 5% level, while the standard deviation is estimated to
be 2.954 at the 10% level. This implies that the impact of having access to gasoline or diesel
refueling at or near the company on the willingness to adopt BEVs in the future would vary from
company to company rather than being fixed. Meanwhile, the negative relationship between the
intention to adopt BEVs in the future and having access to gasoline or diesel refueling at or nearby
the company indicates that those commercial light-duty fleet owners with access to refueling
infrastructure for gasoline or diesel vehicles are likely to have the inertia of relying on internal
combustion engine vehicles.

According to the models, notably, commercial light-duty fleet owners’ intention to adopt
BEVs in the future has positive relationships with the “transportation and warehousing” and
“professional, scientific and technical services” industries, while having a negative relationship
with the “wholesale trade” industry. In addition, it has a positive relationship with ownership of
BEVs. Concerning access to refueling infrastructure, the intention to adopt BEVs in the future has
a negative relationship with having access to gasoline or diesel refueling at or near the company,
while having a positive relationship with having access to Level 2 chargers. Further, it has a
positive relationship with having plans for installing Level 2 chargers and DC fast chargers in the
future. Regarding specific concerns about BEVs, the intention to adopt BEVs in the future has a
negative relationship with concerns about the limited range of BEVs and the fear of getting
stranded on a job. Meanwhile, it has a negative relationship with having no idea about BEVs.

Intention to Adopt FCEVs in the future

As shown in Table 3.8, a fixed-parameter logit model was estimated to understand how
explanatory variables influence the probability that a company has the intention to adopt FCEVs
in the future. The model's AIC value is 1,217.66, the BIC value 1s 1,315.26, and McFadden’s R
squared is 0.028. No explanatory variables were found to have random parameters. Notably, this
model reveals that commercial light-duty fleet owners’ intention to adopt FCEVs in the future has
a negative relationship with the construction industry. As expected, the intention to adopt FCEVs
in the future has a positive relationship with ownership of FCEVs. Regarding access to refueling
infrastructure, the intention to adopt FCEVs in the future has a negative relationship with having
access to gasoline or diesel refueling at or near the company. When it comes to specific concerns
about FCEVs, the intention to adopt FCEVs in the future has a negative relationship with concerns
about the cost of installing fueling equipment for FCEVs. Meanwhile, it has a negative relationship
with having no idea about FCEVs.
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Table 3.7 Intention to Adopt BEVs (Fixed- and Random-parameter Logit Models)

Fixed-parameter

Random-parameter

Variable B P-value | ME.(%) | B P-value
For Profit 0.372 0.001 6.0 0.377 0.001
Industry
Construction -0.264 0.075 -4.3 -0.239 0.112
Wholesale trade -0.566 0.029 -9.2 -0.569 0.031
Transportation and warehousing 0.549 0.031 8.9 0.544 0.039
Eer:)\fii?;onal, scientific, and technical 0.299 0.095 48 0.302 0.098
Ownership of BEVs 1.698 <0.001 275 1.763 <0.001
sgmineorfselreeing | aoe| oo | ar7| EIR| 008
Access to Level 2 chargers 0.695 0.005 11.3 0.765 0.004
Planning on installing Level 2 chargers 1.357 <0.001 22.0 1.477 <0.001
Planning on installing DC fast chargers 0.972 0.014 15.7 1.113 0.011
Top Concerns about BEVs
Vehicle Price 0.113 0.342 1.8 0.123 0.308
Limited Range -0.297 0.011 -4.8 -0.305 0.011
Limited Number of Seats -0.110 0.595 -1.8 -0.060 0.774
Limited Hauling Capacity -0.211 0.088 -34 -0.208 0.100
Limited Body or Styling of Vehicle 0.217 0.162 3.5 0.208 0.192
Battery Life Uncertainty -0.174 0.150 -2.8 -0.188 0.126
Uncertain Gasoline/Electricity Price -0.239 0.259 -3.9 -0.258 0.238
Cost of Installing Charging Infrastructure 0.084 0.494 1.4 0.098 0.433
Lack of Charging Infrastructure -0.179 0.141 -2.9 -0.166 0.182
Charging Time -0.099 0.411 -1.6 -0.095 0.439
Uncertain Resale Value 0.099 0.621 1.6 0.158 0.444
Unreliable Technology -0.247 0.181 -4.0 -0.240 0.205
Fear of getting stranded on a job -0.324 0.009 -5.2 -0.313 0.014
Other -0.461 0.188 =75 -0.444 0.209
No Concern 0.125 0.682 2.0 0.193 0.539
No Idea -1.350 <0.001 -21.8 -1.349 <0.001
Constant -0.899 <0.001 NA -0.942 <0.001
Model Summary Value Value
Sample Size (N) 2,301 2,301
McFadden’s R? 0.161 0.162
AlC 2345.65 2342.51
BIC 2500.66 2503.26
Notes:

M.E. indicates the marginal effect of each variable on the chance of having the intention to adopt BEVs.
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Table 3.8 Intention to Adopt FCEVs (Fixed-parameter Logit Model)

Variable B P-value M.E.(%)

Industry
Construction * -0.421 0.078 -2.8

Ownership of FCEVs ** 1.501 0.044 10.1

Gasoline or Diesel refueling available ** -1.176 0.025 -8.0

Top Concerns about FCEVs
Vehicle Price 0.199 0.310 1.3
Limited Number of Seats 0.048 0.888 0.3
Limited Hauling Capacity -0.233 0.290 -1.6
Limited Body or Styling of Vehicle 0.072 0.777 0.5
Safety of Hydrogen Tank -0.137 0.504 -0.9
Uncertain Gasoline/Hydrogen Price -0.223 0.306 -1.5
Cost of Installing Fueling Equipment ** -0.431 0.037 -2.9
Lack of Fueling Infrastructure 0.001 0.996 0.0
Uncertain Resale Value -0.188 0.520 -1.3
Unreliable Technology 0.002 0.992 0.0
Other 0.713 0.102 4.8
No Concern 0.073 0.871 0.5
No Idea ** -0.597 0.044 -4.0

Constant -2.090 <0.001 NA

Model Summary Value

Sample Size (N) 2,301

McFadden’s R? 0.028

AIC 1217.66

BIC 1315.26

Notes: Significance Level = *** 0.01, ** 0.05, and * 0.1

M.E. indicates the marginal effect of each variable on the chance of having the intention to adopt FCEVs.
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Summary of Marginal Effects

According to the modeling results, the marginal effects of explanatory variables on the intention
to adopt PHEVs, BEVs, and FCEVs in the future are visualized in Figures 3.5 to 3.7. As shown
in Figure 3.5, the companies in the healthcare and social assistance industry are associated with a
higher chance of having the intention to adopt PHEVs in the future by 10.1%. In addition, concerns
about the limited hauling capacity are correlated with a lower chance of having the intention to
adopt PHEVs in the future by 6.6%. Likewise, ownership of HEVs is associated with a higher
chance of having the intention to adopt PHEVs by 11.9%. As shown in Figure 3.6, the companies
in the transportation warehousing industry and professional, scientific, and technical services
industry are correlated with a higher chance of having the intention to adopt BEVs in the future by
8.9% and 4.8%, respectively. Likewise, concerns about the limited range of BEVs are associated
with a lower chance of having the intention to adopt BEVs by 4.8%. As shown in Figure 3.7,
concerns about the cost of installing fueling equipment are correlated with a lower chance of
having the intention to adopt FCEVs in the future by 2.9%.

DISCUSSION
Impacts of Industry

Above all, the results reveal that commercial light-duty fleet owners’ intention to adopt EVs in the
future is fairly influenced by what industry the company belongs to. The findings on industry types
might provide insights into the types of industries willing to increase EV adoption in the near
future. It will be a key challenge in EV diffusion to find how to make synergetic connections with
those industries. Importantly, it is suggested that “healthcare and social assistance,” “transportation
and warehousing,” and “professional, scientific, and technical services” industries tend to be more
interested in vehicle electrification. Specifically, the commercial light-duty fleet owners in the
“healthcare and social assistance” industry are more inclined to adopt PHEVs in the future, while
the companies in the “transportation and warehousing” and “professional, scientific, and technical
services” industries are more inclined to adopt BEVs in the future. On the other hand, it is shown
that the companies in the “construction” industry are less interested in vehicle electrification in the
future. Specifically, construction companies are less inclined to adopt PHEVs, BEVs, or FCEVs.

Impacts of Refueling Capacity

The results show that commercial light-duty fleet owners’ intention to adopt EVs is also affected
by the refueling facilities they have access. Notably, it is revealed that those companies with
gasoline or diesel refueling available tend to be less interested in adopting PHEVs, BEVs, or
FCEVs. On the other hand, having access to EV charging stations would increase the intention to
adopt EVs in the future. Particularly, when a company has access to Level 2 chargers at or near its
location, it is more likely to be willing to adopt BEVs in the future. These results are intuitively
reasonable because, with EV chargers nearby, companies can save time and costs for refueling
their EVs, including small cars, midsize cars, full-size cars, small pickup trucks, and large pickup
trucks in the long run.

Furthermore, having plans for installing refueling capacities also have an impact on the
intention to adopt EVs in the future. In detail, having plans for installing Level 1 chargers would
strengthen the willingness to adopt PHEVs. Likewise, having plans for installing Level 2 or DC
fast chargers would strengthen the willingness to adopt BEVs in the future.
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Concerns about PHEVs
Limited hauling capacity (-6.6%)
Unreliable technology (-5.4%)

No idea about PHEVs (-31.2%)

Intention to adopt PHEVs

Company Characteristics in the future
Construction industry (-7.2%) =
Healthcare industry (+10.1%) (Yes=1)

Ownership of HEVs (+11.9%)
Ownership of PHEVs (+16.4%)
Ownership of BEVs (-17.7%)

Access to gasoline/diesel refueling (-20.2%)
Planning on installing Level 1 chargers (+15.3%)

Figure 3.5 Marginal Effects of Explanatory Variables on the Intention to adopt PHEVs

Concerns about BEVs

Limited range (mile/battery) (-4.8%)
Limited hauling capacity (-3.4%)

Fear of getting stranded on a job (-5.2%)
No idea about BEVs (-21.8%)

Intention to adopt BEVs

Company Characteristics e e

For profit (+6.0%)
Construction industry (-4.3%) (Yes=1)

Wholesale trade industry (-9.2%)
Transportation and warehousing industry (+8.9%)
Professional, scientific & technical services industry (+4.8%)

Ownership of BEVs (+27.5%)
Access to gasoline/diesel refueling (-17.7%)
Access to Level 2 chargers (+11.3%)

Planning on installing Level 2 chargers (+22.0%)
Planning on installing DC fast chargers (+15.7%)

Figure 3.6 Marginal Effects of Explanatory Variables on the Intention to adopt BEVs

Concerns about FCEVs

Cost of installing fueling equipment (-2.9%)
No idea about FCEVs (-4.0%) \ Intention to adopt FCEVs

c o — in the future
ompany Characteristics =
Construction industry (-2.8%) (Yes=1)

Ownership of FCEVs (+10.1%)
Access to gasoline/diesel refueling (-8.0%)

Figure 3.7 Marginal Effects of Explanatory Variables on the Intention to adopt FCEVs

55



Limitations

As stated earlier, it should be noted that the findings from this study might not be applicable for
medium-duty trucks or heavy-duty trucks because the survey accounts for commercial light-duty
fleets weighing less than 10,000 pounds, from small cars to large pickup trucks. Future research
would need to cover those commercial fleet owners with medium-duty or heavy-duty trucks since
they might have unique perceptions of EVs, especially about hauling capacity. In addition, since
the survey sample is from a particular region, i.e., California, USA, the results of this study should
be interpreted within the context of California. Given that California can be considered one of the
leading states in EV adoption with the Clean Vehicle Rebate Program for businesses, part of the
survey results could be different if a case study were performed in another region with different
contexts (41). If a case study were conducted in another state or country with fewer policies to
support EV adoptions in the commercial sector, the proportion of the companies that have HEVS,
PHEVs, BEVs, and FCEVs would be lower than 6.3%, 4.7%, 7.4%, and 0.6%, respectively.
Likewise, the proportion of the companies that have the intention to adopt HEVs, PHEVS, BEVs,
and FCEVs in the future would be lower than 28.3%, 41.0%, 28.0%, and 7.4%, respectively.
Accordingly, the impact of those variables highly related to the regional contexts would be less
generalizable. Even though concerns about vehicle price do not have a significant relationship with
the intention to adopt EVs in this study, for instance, the vehicle price-related concerns might have
a significantly negative impact on the intention to adopt EVs in other states or countries without a
rebate program for businesses. Future research might explore different regions to understand
different regional contexts or expand the regional scope to obtain more generalizable insights.
Besides, the analysis is solely based on the variables available in the dataset from the survey. For
this reason, this study might not have captured some influential factors if the survey had missed
any important ones relevant to vehicle electrification.

CONCLUSION

This study investigated commercial light-duty fleet owners’ intention to adopt different types of
EVs in the future based on data from the 2019 California Vehicle Survey. Descriptive analysis
reveals that 60.9 percent of commercial light-duty fleet owners are willing to adopt either HEVs,
PHEVs, BEVs, or FCEVs, while 39.1 percent are not interested in any of them. Rigorous statistical
analysis identified critical factors influencing commercial light-duty fleet owners’ intention to
adopt PHEVs, BEVs, and FCEVs, while addressing unobserved heterogeneity. The findings from
this study offer practical implications on opportunities and barriers for vehicle electrification from
the commercial sector’s perspective, which will be a valuable reference for transportation planners,
policymakers, and the EV industry, such as vehicle manufacturers.

First, this study provides the EV industry insights into what industries show a high level of
interest in vehicle electrification. Given that companies in the “healthcare and social assistance,”
“transportation and warehousing,” and “professional, scientific, and technical services” industries
tend to have a higher intention to adopt EVs, the EV industry might have an opportunity to find
how to make synergetic connections with those industries. Now that companies that have no idea
about EVs are less likely to be willing to adopt EVs, this study also provides the implication that
the EV industry would need to make efforts to make the other industries more aware of EV
technologies.

In addition, this study provides transportation planners and policymakers with the
implication that EV adoption by commercial light-duty fleet owners would be highly dependent
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on the accessibility of charging infrastructure for PHEVs, BEVs, and FCEVs. This implies that
transportation electrification could be considerably delayed solely by a shortage of charging
infrastructure. Therefore, it will be critical to endeavor toward sufficient charging infrastructure to
deal with different types of light-duty EVs that will be used in a variety of industries.

Furthermore, this study also provides vehicle developers in the EV industry with insights
into what aspects of EVs the commercial light-duty fleet owners care about the most. Specifically,
the limited hauling capacity of PHEVs, the limited range of BEVs, and the cost of installing fueling
equipment for FCEVs would be the most critical barriers to EV adoption by the commercial sector
in the future. It is expected that transportation electrification could proceed more successfully if
those issues were addressed appropriately.
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ABSTRACT

Vehicle electrification has emerged as a pathway to deal with energy and environmental issues in
transportation. As Electric Vehicles (EVs) gain traction with early adopters, there is a need to
understand their experiences and their challenges such as range limitations and sparsity of charging
infrastructure. Will current Battery Electric Vehicle (BEV) owners repurchase such vehicles in the
future? This study sheds light on this question by harnessing data from a carefully designed survey
of BEV owners in Jeju, South Korea (N=1,094), implemented in 2018. The survey has valuable
information about user perception of BEVs and vehicle features such as range and automation.
Among BEV owners, 81.0 percent are found to be willing to (or definitely willing to) repurchase
a BEV in the future, while 86.6 percent are found to be satisfied (or very satisfied) with owning a
BEV. A rigorous path-analytic framework is developed to quantify the direct and indirect impacts
of key factors on willingness to repurchase a BEV in the future while exploring potential
unobserved heterogeneity. The results reveal that the often-coupled automation features of BEVs
such as collision warning systems were highly associated with greater satisfaction and willingness
to repurchase a BEV in the future. Moreover, EV charger availability and policies for helping EV
owners in real-time were also found to be influential. This in-depth case study provides meaningful
insights into what aspects of vehicle electrification could be improved from the BEV owners’
perspective while helping planners, engineers, and policymakers in the transportation field make
informed decisions about EV infrastructure.

Keywords: Electric Vehicle, Electric Vehicle Owners, Satisfaction, Repurchase

INTRODUCTION

The surface transportation system has generated environmental issues such as air pollution and
greenhouse gas emissions, as well as energy issues through fossil fuels (67-70). To address these
issues sustainably without imposing restrictions on traffic demand, vehicle electrification has
progressed to replace gasoline and diesel with electricity (/9-71). Once electric vehicles (EVs)
successfully penetrate roadways on a significant scale, the transportation system is expected to
substantially mitigate these issues depending on what source generates electricity for EVs (4-5-
72). In practice, EVs are gradually spreading across the world. For instance, the annual sales of
plug-in electric vehicles (PEVs) in the United States have gradually increased from 345 units in
2010 to 361,307 units in 2018 (73). In South Korea where people can receive a monetary subsidy
for EV purchases, the number of registered EVs has increased from 860 units in 2012 to 55,756
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units in 2018 (74-75). Nonetheless, vehicle electrification still faces many challenges such as
technology limitations and infrastructure shortages. Due to those challenges, only a minority of
people are currently adopting EVs. For example, the market share of PEVs in the United States
was only about 2 percent in 2019 (73). In Jeju, South Korea, only 2.8 percent of registered vehicles
were EVs in 2018 (76). Moreover, California has reported that 19-21% of EV adopters were found
to have discontinued adopting EVs between 2015 and 2019 mainly due to charging issues (/6).

For vehicle electrification to smoothly proceed, it is essential to investigate what EV-
related factors encourage (or discourage) vehicle consumers to adopt EVs. Paying attention to
Battery Electric Vehicles (BEVs), this study aims to provide vehicle developers with meaningful
insights into what aspects of BEVs should be improved from a user perspective, while helping
planners, engineers, and policymakers in the transportation field make informed decisions. To
accomplish this, it is crucial to explore the viewpoints of two different groups of drivers: BEV
owners and non-BEV owners. As early adopters of EV technologies, BEV owners would have
quite different viewpoints from those of non-BEV owners due to the gap in BEV use experience.
At an early stage of BEV diffusion, the early adopters’ decision to (or not to) keep adopting BEVs
is highly important. This is because, even if some non-BEV owners start adopting BEVs, diffusion
of BEVs will be infeasible in the long run unless BEV owners continue to adopt BEVs in the future.
In this regard, this study investigates BEV ownership satisfaction and their willingness to
repurchase a BEV in the future. The intellectual merit of this study comes from analyzing these
early adopters’ perception of BEVs, BEV-related experiences, and vehicle features to figure out
what factors regarding BEVs will be important for the progress of vehicle electrification in the
future.

LITERATURE REVIEW

In advance of reviewing previous studies, it is important to clearly define terminologies concerning
EVs. In a broad sense, Alternative Fuel Vehicles (AFVs) refer to those vehicles charged with
alternative fuels such as electricity and hydrogen (39-43). According to the U.S. Department of
Energy (DOE), Plug-in Electric Vehicles (PEVs) can be divided into Battery Electric Vehicles
(BEVs) powered solely by electricity and Plug-in Hybrid Electric Vehicles (PHEVs) powered by
liquid fuels and electricity (57). This study provides insights into BEVs as the survey was
conducted for BEV owners.

There have been some attempts to conduct surveys to explore the factors affecting EV
purchases. It was revealed that consumers’ willingness to purchase PEVs would be increased by
consumer-related factors such as level of education, possession of conventional hybrid cars, and
concerns about the environment (77). In addition, consumer-related factors such as age and
household income were found to have a positive relationship with ownership of AFVs depending
on region (39-78). Meanwhile, drivers’ EV purchase intentions were found to be affected by
vehicle-related factors such as vehicle price and performance as well as policy-related factors such
as government subsidies (79). Besides, it was found that improvement in charger availability,
especially at home, had a great impact on BEV and PHEV sales (78-80).

While these studies offer useful insights into EV purchases, there is a gap concerning
survey samples. Surveys were often conducted without a clear classification of respondents such
as whether they already owned EVs or not. Now that EV owners have more experience with
driving an EV than non-EV owners, the viewpoints of EV owners will be quite different from those
of non-EV owners. This implies that surveys without consideration of this difference could be at
risk of misleading conclusions. In this regard, this study harnesses data from a survey of BEV
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owners to focus on their point of view.

There have also been attempts to conduct surveys to explore the factors influencing EV
ownership satisfaction. Previous studies suggested that EV ownership satisfaction was
substantially affected by user experience and charging infrastructure. For example, EV ownership
was found to be positively influenced by charger availability in residence but negatively influenced
by frequent use of public chargers and charger malfunctions (§7). Satisfaction with EV charging
was also identified to be a key factor having a high impact on the overall satisfaction with owning
an EV (82). Furthermore, it was revealed that EV ownership satisfaction was dependent on EV
range (mile/battery) and understanding of EV policies (§/-82). Meanwhile, previous studies have
also explored EV owners’ daily charger use demands. For instance, a survey showed that EV
owners preferred to use chargers at home or work when commuting, whereas they preferred to use
public charging stations when making a family trip (83). Another survey revealed a high demand
in Germany for public charging stations, especially with semi-fast chargers (84).

Although the aforementioned studies identified influential factors relevant to EV purchase
or EV ownership satisfaction, they relied heavily on subjective information (i.e., thoughts or
experience) from the respondents. Considering that subjective information may provide limited
insights, this study suggests that more objective-level information such as vehicle features needs
to be collected. In this regard, this study put significant effort into extracting key information on
vehicle features based on a survey of BEV owners. For the sake of appropriateness and fluency,
this study systematically categorizes explanatory variables into perceptions of BEVs, vehicle
features, and user contexts.

METHODOLOGY
Data Source

This study harnesses data from the “Survey of Battery Electric Vehicle Owners in Jeju” conducted
by Jeju Special Self-Governing Province and Jeju Research Institute (JRI) in South Korea. The
survey was conducted for EV owners in Jeju, South Korea from December 5th to 14th 2018. By
referring to the vehicle registration database in Jeju, surveyors called BEV owners to ask if they
could take part in the survey and to arrange the date and time to visit them in person. The
respondents answered the questions about their BEV use, stated preferences, and socio-economic
information within a carefully designed survey structure (Figure 4.1). In in-person interviews,
surveyors tried their best to offer careful instructions to respondents in order to avoid potential bias
from stated-preference questions. The respondents were asked to provide accurate and honest
answers. The survey has a valid sample size of 1,094 respondents. Most importantly, vehicle
features were extracted by referring to vehicle models reported by respondents, official websites
of automobile companies, and other websites offering a historical database of vehicle models (83-
94). Given that the survey was conducted in 2018, vehicle features have been estimated with
conservative (minimum) values based on vehicle models that were available in the market in 2018
or before. Regarding survey sample characteristics, as summarized in Table 4.1, it should be noted
that the early adopters of BEVs do not represent the general population of Jeju, South Korea given
that their average monthly household income (3.29 thousand USD) is higher than that of the
general population (2.33 thousand USD) while they overrepresents middle-aged people and males
(95). This strengthens the idea that it is reasonable to categorize drivers into early adopters of
BEVs and non-BEV owners when exploring their willingness to purchase a BEV. Therefore, the
results of this study should be interpreted with a focus on this specific group.
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Survey of BEV owners

No

BEV Owner?

h 4

Stop the survey.

Yes

Vehicle & Driving
* Vehicle model
* Total mileage of driving a BEV

BEV ownership satisfaction
Q: How much are you satisfied with owning your BEV?

BEV Use
* Perceptions of BEVs
* Experience with an EV repair service

h 4

Willingness to repurchase a BEV in the future
Q: Are you going to purchase a BEV for your next car?

h 4

Access to EV Chargers
* Possession of an EV charger at home
* Possession of an EV charger at work

}

Policy for EV owners
*» Experience in using an “EV Call Center”

h 4

Socio-Economics

Figure 4.1 Survey Structure
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Table 4.1 Survey Sample Characteristics (BEV owners in Jeju, South Korea)

Sample Characteristics

(N=1,094 BEV owners) Survey (2018) General Population of Jeju (2018)
Average monthly household income
(KRW in millions) 3.67 2.60
(USD in thousands) 3.29 2.33
Age Group (%)
20-30 6.1 145
30-39 21.7 16.8
40-49 30.8 21.6
50-59 24.2 20.5
60 or more 17.2 26.6
Gender (%)
Female 33.9 495
Male 66.1 50.5

Notes: 1.00 million KRW =898 USD as of Dec 6, 2018 (96)
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Conceptual Framework

Based on the theory of post-purchase consumer behavior suggesting that decision to repeat
purchases is directly dependent on overall satisfaction, as summarized in Figure 4.2, this study
attempts to capture the explanatory variables having a direct relationship with willingness to
repurchase a BEV as well as the ones having an indirect relationship with it within a path-analytic
framework (97). The analysis consists of a two-stage ordered logistic regression. In the first stage,
“BEV ownership satisfaction” is regressed on explanatory variables that are classified into
perceptions of BEVs, vehicle features, and user contexts. Next in the second stage, “Willingness
to repurchase a BEV in the future” is regressed on explanatory variables and “BEV ownership
satisfaction.” In this stage, “BEV ownership satisfaction” connects those explanatory variables
from the first stage to the dependent variable, “Willingness to repurchase a BEV in the future.”

Modeling Framework

This study applies ordered logistic regression models to explore “BEV ownership satisfaction”
and “Willingness to repurchase a BEV in the future” while keeping the ordinal nature of both
variables. As summarized in Table 4.2, the responses to both variables were collected via a 5-level
ordinal scale. The mathematical form is given as (98-99):

Y'=BX+¢ 1)

, where Y™ is the latent variable that is considered exact but unobserved, X is a set of explanatory
variables, B is a set of coefficients, and ¢ is the error term. For explore the evidence of unobserved
heterogeneity, this study additionally applies the assumption that the impact of an explanatory
variable might vary from person to person. In this case, a random-parameter ordered logit model
is estimated, where some coefficients can be individual-specific (98-100).

The value of the latent variable, Y™, determines the dependent variable (Y) as follows (98-
100):

Y=k if o <Y* <y when 1<k <5 (2)

, Where u’s are thresholds between categories of the dependent variable, Y. In the first model, Y
refers to “BEV ownership satisfaction,” while it refers to “Willingness to repurchase a BEV in the
future” in the second model. The probability that the dependent variable (Y) belongs to a certain
level is determined based on the cumulative density function (CDF) of the logistic distribution (98-
100).

For fixed parameters models, this study derives the marginal effect of each explanatory
variable to quantify its exact impacts on the dependent variable. The marginal effect of an
explanatory variable refers to the percent change in the chance that the dependent variable belongs
to a certain level resulting from a unit increase in the explanatory variable when the other variables
are held at their mean values (65-101-102). The general form of the marginal effect of a continuous
variable is written as (65-101-102):
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P PO PGB0 — 1y, — XB) — f (i — XB)IB (3)

ME;(X) =°
, Where f(z) = dF(z)/dz and F denotes the cumulative density function (CDF). Concerning a
discrete variable, the form of marginal effects is written as (65-101-102):

AP[Y = i|X] = P[Y = i|X + AX] — P[Y = i|X] (4)

, Where AX is a discrete unit increase in the explanatory variable X.

RESULTS
Descriptive Statistics

Tables 4.2 and 4.3 show key statistics of important variables from the survey of BEV owners. In
the case where a respondent had 2 or more BEVs, answers were provided based on the vehicle he
or she had purchased for the first time. Those samples with missing or invalid values were removed
so that the statistics have valid and reasonable values. As shown in Table 4.2, most importantly,
81.0 percent of the respondents (886/1,094) were willing to (or definitely willing to) repurchase a
BEV in the future. On the other hand, 19.0 percent of the respondents (208/1,094) were not willing
or not sure whether to purchase a BEV again in the future, which is aligned with the EV
discontinuance rate (19-21%) reported by California (/6). Meanwhile, 88.6 percent of the
respondents (947/1,094) were satisfied (or very satisfied) with owning a BEV.

From Table 4.2, the relationship between “BEV ownership satisfaction” and “Willingness
to repurchase a BEV in the future” is found to have a positive relationship at the 99% confidence
level given that a chi-square test of independence provides the Pearson chi-square statistic of
477.63 with 16 degrees of freedom and the p-value lower than 0.001. Notably, 61.6 percent of
those who were “very satisfied” with owning a BEV were found to be “definitely willing to
repurchase a BEV” in the future. Besides, none of those who were “dissatisfied” with owning a
BEV were “definitely willing to repurchase a BEV.” Meanwhile, 1 out of 6 who were “very
dissatisfied” with owning an EV was found to be “definitely willing to repurchase a BEV” in the
future, which seems to be an exceptional case.

In addition, variables from the survey consist of different perceptions of BEVs and user
contexts as shown in Table 4.3. Importantly, 28.0 percent of the BEV owners do not think it is
easy to charge a BEV, while 41.9 percent do not think it takes a short time to wait to use public
chargers. Moreover, it is shown that 75.5 percent of the EV owners have EV chargers at home,
while 39.7 percent have access to EV chargers at their workplace. Besides, 70.8 percent of the
BEV owners have experience with an EV repair service, while 19.7 percent have experience in
using an EV Call Center.

Table 4.4 presents descriptive statistics of vehicle features estimated. Statistics show that
the average values of range, number of seats, engine power, and charging time are 143.61
(mile/battery), 4.89, 127.49 hp, and 6.24 hours, respectively. Notably, variables pertinent to
automation such as whether a vehicle exhibited features such as a collision warning system or
automatic braking system were also extracted. While 32.0 percent of BEVs did not have a collision
warning or automatic braking system, 1.0 percent of BEVs had both a collision warning and
automatic braking system.
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Table 4.2 BEV ownership satisfaction vs. Willingness to repurchase a BEV in the future

Willingness to repurchase a BEV in the future

Satisfaction

BEV ownership satisfaction Not at all No Not sure Yes Definitely yes | Total
Very dissatisfied Count 0 0 2 3 1 6
% within 0.0 0.0 333 50.0 16.7 100.0
Satisfaction
Dissatisfied Count 3 8 9 5 0 25
% within
Satisfaction 12.0 32.0 36.0 20.0 0.0 100.0
Neutral or neither Count 9 16 48 31 12 116
% within
Satisfaction 7.8 13.8 41.4 26.7 10.3 100.0
Satisfied Count 3 8 74 247 86 418
% within
Satisfaction 0.7 1.9 17.7 59.1 20.3 100.0
Very satisfied Count 1 2 25 175 326 529
% within
Satisfaction 0.2 0.4 4.7 33.1 61.6 100.0
Total Count 16 34 158 461 425 1,094
% within 15 3.1 14.4 42.1 38.8 100.0
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Table 4.3 Key Statistics of the BEV Owner Survey

Variable | Freq./Mean | Percent./SD. | Min. | Max.
Willingness to repurchase a BEV in the future
Not at all 16 15 0 1
No 34 3.1 0 1
Not sure 158 14.4 0 1
Yes 461 42.1 0 1
Definitely yes 425 38.8 0 1
BEV ownership satisfaction
Very dissatisfied 6 0.5 0 1
Dissatisfied 25 2.3 0 1
Neutral or neither 116 10.6 0 1
Satisfied 418 38.2 0 1
Very satisfied 529 48.4 0 1
Perception: Using a BEV saves costs. (5-point scale)
1: Totally disagree 2 0.2 0 1
2: Disagree 5 0.5 0 1
3: Not sure 13 1.2 0 1
4: Agree 191 175 0 1
5: Totally agree 883 80.7 0 1
Perception: BEVs perform well. (5-point scale)
1: Totally disagree 4 0.4 0 1
2: Disagree 22 2.0 0 1
3: Not sure 98 9.0 0 1
4: Agree 357 32.6 0 1
5: Totally agree 613 56.0 0 1
Perception: It is easy to charge a BEV. (5-point scale)
1: Totally disagree 114 104 0 1
2: Disagree 193 17.6 0 1
3: Not sure 353 32.3 0 1
4: Agree 267 24.4 0 1
5: Totally agree 167 15.3 0 1
Perception: It takes a short time to wait for others to use public chargers. (5-point scale)
1: Totally disagree 150 13.7 0 1
2: Disagree 308 28.2 0 1
3: Not sure 368 33.6 0 1
4: Agree 203 18.6 0 1
5: Totally agree 65 5.9 0 1
Perception: BEVs are safe. (5-point scale)
1: Totally disagree 26 2.4 0 1
2: Disagree 77 7.0 0 1
3: Not sure 266 24.3 0 1
4: Agree 523 47.8 0 1
5: Totally agree 202 18.5 0 1
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Table 4.3 (Continued)

Variable Freq./Mean | Percent./S.D. | Min. Max.
Age (years) * 47.47 11.54 25 65
Monthly household income (KRW in million) * 3.67 1.99 0.51 9.51
(USD in thousands) * 3.29 1.78 0.45 8.54
(Tncq’ffgsnl"r:'fﬁgﬁs‘;fng;')vlng aBEV 12,253.1 149767 | 12| 124,895.6
Possession of an EV charger at home 826 75.5 0 1
Possession of an EV charger at work 434 39.7 0 1
Experience with an “EV repair service” 775 70.8 0 1
Experience in using an “EV Call Center” 215 19.7 0 1

Notes: Variables with * are continuous, which means the first and second columns indicate their mean and

standard deviation (S.D.).

1.00 million KRW = 898 USD as of Dec 6, 2018 (96)

Table 4.4 Key Statistics of Vehicle Features

Automatic Braking System = Yes

Variable Freq./Mean | Percent./S.D. | Min. Max.
Price (USD) * 32,956 5,423 | 7,855 42,500
Range (mile/battery) * 143.61 44.90 50.0 238.0
Number of Seats (N) * 4.89 0.56 1 5
Engine Power (hp) * 127.49 36.95 5.0 204.0
Charging time at 240V (hour) * 6.24 2.06 25 14.0
Automation Features

Collision Warning System = No

Automatic Braking System = No 350 320 0 1

Collision Warning System = Yes

Automatic Braking System = No 303 271 0 1

Collision Warning System = No

Automatic Braking System = Yes 430 393 0 1

Collision Warning System = Yes 11 10 0 1

Notes: Variables with * are continuous, which means the first and second columns indicate their mean and

standard deviation (S.D.).
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Modeling Results
Model 1: BEV ownership satisfaction

In the first stage, as summarized in Table 4.5, a fixed-parameter ordered logit model of “BEV
ownership satisfaction” was estimated with the most important variables based on statistical
significance and theoretical justification. This study considers a coefficient meaningful to interpret
when its p-value is lower than 0.1. The model has McFadden’s R squared of 0.204, which means
it fits well with the data. Concerning unobserved heterogeneity, no variables were found to have
random parameters in relation to BEV ownership satisfaction. This study did not find evidence of
heterogeneity in a sample that comes from a specific region of South Korea, i.e., Jeju Province.

Regarding perceptions of BEVs, as shown in Table 4.5, the perception that using a BEV
saves costs is found to be the most influential factor to increase BEV ownership satisfaction.
Likewise, BEV ownership satisfaction is found to have a positive relationship with perceptions
concerning BEV performance, easiness to charge a BEV, waiting time for others to use public
chargers, and BEV safety. When it comes to vehicle features, a collision warning system is found
to be the most powerful factor to increase BEV ownership satisfaction. In addition, BEV ownership
satisfaction has a negative relationship with vehicle price, while having a positive relationship with
EV range. Concerning user contexts, BEV ownership satisfaction has a positive relationship with
possession of an EV charger at home or work, while having a negative relationship with the
experience with an EV repair service. Meanwhile, age is found to have a negative relationship with
BEV ownership satisfaction.

Additionally, as shown in Table 4.6, this study derived the marginal effect of each
explanatory variable to quantify the change in the chance that BEV ownership satisfaction belongs
to a certain level due to a unit increase in an explanatory variable when all the other variables are
fixed at their mean values. For example, a unit increase in the perception that using a BEV saves
costs is correlated with a higher chance of being very satisfied with owning a BEV by 18.04%.
Likewise, a collision warning system is associated with a higher chance of being very satisfied by
11.71%.

Model 2: Willingness to repurchase a BEV in the future

In the second stage, a model of “Willingness to repurchase a BEV in the future” was estimated as
summarized in Table 4.7. A 90% confidence criterion was used to select explanatory variables
while “Monthly household income” was included with theoretical justification. The model has a
McFadden’s R squared value of 0.162. Concerning unobserved heterogeneity, no variables were
found to have random parameters in relation to the willingness to repurchase a BEV in the future.

In Table 4.7, Model 2 reveals an increase in BEV ownership satisfaction would result in a
stronger willingness to repurchase a BEV in the future. By exception, the coefficient of “very
dissatisfied” is positive because 4 out of 6 respondents who are “very dissatisfied” are willing to
repurchase a BEV in the future. The results also indicate that the willingness to repurchase a BEV
has a positive relationship with age and monthly income. Besides, the total mileage of driving a
BEV and the experience in using an EV Call Center have a positive relationship with the
willingness to repurchase a BEV in the future.

Marginal effects of explanatory variables in Model 2 are summarized in Table 4.8. When
a BEV owner is very satisfied with owning a BEV, the chance that he or she is definitely willing
to repurchase a BEV would be higher by 57.25%, compared to when he or she is neither satisfied
nor dissatisfied. Likewise, if a BEV owner has the experience in using an EV Call Center, the
chance that he or she is definitely willing to repurchase a BEV in the future increases by 5.25%.
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Table 4.5 Model 1: BEV ownership satisfaction

Explanatory Variable

Coefficient | z-stat | P-value

Perception of BEVs (5-point scale)

Using a BEV saves costs. ***

1.010| 7.20 <0.001

BEVs perform well. ***

0.743| 7.67 <0.001

It is easy to charge a BEV. ***

0.395| 6.42 <0.001

It takes a short time to wait for others to use public chargers. ***

0.264| 3.87 <0.001

Perception: BEVs are safe. ***

0.321| 4.13 <0.001

Vehicle Feature

Price (USD in thousand) **

-0.053| -2.09 0.021

Range (mile/battery) **

0.005| 211 0.018

Automation Features

Collision Warning = No / Automatic Braking = No
Collision Warning = Yes / Automatic Braking = No ***
Collision Warning = No / Automatic Braking = Yes

Collision Warning = Yes / Automatic Braking = Yes

Base| Base Base
0.656| 2.60 0.009
0.066| 0.42 0.672
0.467| 0.63 0.526

User Context

Age **kx

-0.018| -3.11 0.002

Possession of an EV Charger at Home ***

0.423| 2.83 0.005

Possession of an EV Charger at Work **

0.274| 2.07 0.039

Experience with an EV Repair Service ***

-0.546| -3.73 <0.001

Thresholds

Coefficient | z-stat | P-value

1, : between Satisfaction Levels 1 and 2

3371 3.33 0.001

U, between Satisfaction Levels 2 and 3

5.168| 5.45 <0.001

U3 between Satisfaction Levels 3 and 4

7.266| 7.61 <0.001

U4 between Satisfaction Levels 4 and 5

10.031| 10.16 <0.001

Model Summary

Value

Number of Observations (N) 1,094
McFadden’s R? 0.204
AIC 1902.14
BIC 1992.10

Notes: Significance Level = *** 0.01, ** 0.05, and * 0.1
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Table 4.6 Marginal Effects (Model 1): BEV ownership satisfaction

Marginal Effects (%)
Explanatory Variable Very . Neutral or . Very
dissatisfied Dissatisfied neither Satistied satisfied
Perception of EVs (5-point scale)
Using a BEV saves costs. -0.54 -1.79 -6.05 -9.66 18.04
BEVs perform well. -0.40 -1.32 -4.45 -7.10 13.26
It is easy to charge a BEV. -0.21 -0.70 -2.37 -3.78 7.06
It talfes a short time to wait to use 0.14 -0.47 158 253 472
public chargers.
BEVs are safe. -0.17 -0.57 -1.92 -3.07 5.73
Vehicle Feature
Price (USD in thousands) 0.03 0.09 0.31 0.50 -0.94
Range (mile/battery) 0.00 -0.01 -0.03 -0.05 0.09
Automation Features
Collision Warning = No
Automatic Braking = No Base Base Base Base Base
Collision Warning = Yes
Automatic Braking = No -0.32 -1.07 -3.72 -6.59 11.71
Collision Warning = No
Automatic Braking = Yes -0.04 -0.13 -0.42 -0.59 1.18
Collision Warning = Yes
Automatic Braking = Yes -0.25 -0.81 -2.75 -4.57 8.38
User Context
Age 0.01 0.03 0.11 0.17 -0.32
Possession of an EV Charger at 0.23 0.75 253 404 755
Home
Possession of an EV Charger at -0.15 -0.49 164 262 489
Work
Expgrlence with an EV Repair 0.29 097 3.27 5292 975
Service

72



Table 4.7 Model 2: Willingness to repurchase a BEV in the future

Explanatory Variable Coefficient | z-stat | P-value
BEV ownership satisfaction
Very dissatisfied * 1.560 1.92 0.055
Dissatisfied *** -1.162 -2.81 0.005
Neutral or neither Base Base Base
Satisfied *** 1.807 8.43| <0.001
Very satisfied *** 3.597 15.57 <0.001
User Contexts
Age *** 0.019 3.66| <0.001
Monthly household income (USD in thousands) 0.041 1.17 0.241
Total mileage of driving a BEV (miles in thousand) *** 0.012 2.93 0.003
Experience in using an EV Call Center * 0.287 1.76 0.079
Thresholds Coefficient | z-stat | P-value
u7: between Willingness Levels 1 and 2 -1.575 -3.95 <0.001
U5 between Willingness Levels 2 and 3 -0.260 -0.76 0.450
us: between Willingness Levels 3 and 4 1.776 5.20 <0.001
us: between Willingness Levels 4 and 5 4.351 11.89 <0.001
Model Summary Value
Number of Observations (N) 1,094
McFadden’s R? 0.162
AlC 2188.682
BIC 2248.653

Notes: Significance Level = *** 0.01, ** 0.05, and * 0.1
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Table 4.8 Marginal Effects (Model 2): Willingness to repurchase a BEV in the future

Marginal Effects (%)

Explanatory Variable
Not at all No Not sure Yes Definitely yes

EV ownership satisfaction

Very dissatisfied -4.57 -9.42 -21.87 22.27 13.59
Dissatisfied 10.59 12.47 -1.76 | -18.24 -3.05
Neutral or neither Base Base Base Base Base
Satisfied -4.85| -10.12 -25.38 22.88 17.47
Very satisfied -5.69 | -12.31 -39.99 0.74 57.25

User Contexts

Age -0.03 -0.05 -0.15 -0.13 0.35
Monthly Income (USD in thousands) -0.05 -0.10 -0.31 -0.28 0.74
Total mileage of driving 2 BEV 002| -003|  -009| -0.08 0.22
(miles in thousand)

Experience in using an EV Call Center -0.39 -0.70 -2.21 -1.97 5.25
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Figure 4.3 summarizes the analysis results of this study within the path-analytic framework. For
instance, the collision warning system is associated with a higher chance of being very satisfied
with owning a BEV by 11.71%, which is indirectly correlated with a higher chance of being
definitely willing to repurchase a BEV in the future by 6.70% (= 11.71% X 57.25%). Likewise,
a unit increase in the BEV range (mile/battery) is associated with a higher chance of being very
satisfied with owning a BEV by 0.09%, which is indirectly correlated with a higher chance of
being definitely willing to repurchase a BEV in the future by 0.05% (= 0.09% X 57.25%).
Meanwhile, the experience in using an EV Call Center is directly correlated with a higher chance
of being definitely willing to repurchase a BEV in the future by 5.25%. Likewise, a 1000-mile
increase in the total mileage of driving a BEV is directly associated with a higher chance of being
definitely willing to repurchase a BEV in the future by 0.22%.

DISCUSSION

Importantly, statistics reveal that a vast majority of BEV owners in Jeju, South Korea feel positive
about owning a BEV, given that 86.6 percent of the respondents were satisfied (or very satisfied)
with owning a BEV, while 81.0 percent were willing to (or definitely willing to) repurchase a BEV
in the future. At the same time, the fact that 19.0 percent of the BEV owners were reluctant to
repurchase a BEV in the future implies that some of these early adopters might decide to stop
purchasing BEVs in the future. The results indicate that BEV ownership satisfaction could drop
due to negative perceptions of BEVs, vehicle features, or some user contexts, while willingness to
repurchase a BEV in the future could be weakened by a low satisfaction level or some user contexts.

Concerning BEV ownership satisfaction, it is highly influenced by perceptions of BEVs.
Particularly, the perception that using a BEV saves costs is the most influential factor to increase
satisfaction, which is somewhat consistent with the results from a previous study (82). The second
most powerful factor is the perception that BEVs perform well, which is also aligned with an
existing study (79). In addition, BEV ownership satisfaction is positively affected by perceptions
that a BEV is easy to charge and that it takes a short time to wait for others to use public chargers.
This is fairly in accordance with the previous finding that overall satisfaction hinges upon
satisfaction with charging EVs (82). Likewise, the perception that BEVs are safe is another
influential factor concerning BEV ownership satisfaction.

BEV ownership satisfaction is found to be affected by vehicle features as well. Among
vehicle features, notably, a collision warning system is found to be the most powerful factor to
increase satisfaction. This implies that BEV owners tend to be more satisfied when they feel safer
in their vehicles with automation features. This is one of the key unique findings from this study,
which suggests the potential synergy of integrating vehicle electrification with automation.
Meanwhile, a BEV owner is likely to be more satisfied when the vehicle has a longer range, which
is consistent with an existing study (87). It is also revealed that BEV ownership satisfaction has a
negative relationship with vehicle price, which is aligned with a previous study (79).

Furthermore, BEV ownership satisfaction is also influenced by user contexts. The results
indicate that BEV ownership satisfaction is positively related to BEV charger availability at home
or work, which is quite consistent with previous studies suggesting the importance of residence
charger availability (80-81). This seems reasonable because those BEV owners with a charger at
home or work might be able to save time and energy to access a charger. It is also shown that the
experience with an EV repair service tends to decrease BEV ownership satisfaction. This might be
because those BEV owners who had the service are likely to have experienced a critical problem
with their vehicles.
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[ Explanatory Variables (X) ]—P

Perception of BEVs (5-point scale) BEV ownership satisfaction (Y)
+ Using a BEV saves costs. (+18.04%)

« BEVs perform well. (+13.26%) : Very satisfied

« It is easy to charge a BEV. (+7.06%)
« BEVs are safe. (+5.73%)

« It takes a short time to wait to use public chargers. (+4.72%)
Vehicle Features

+ Collision Warning System (+11.71%)

« Range (mile/battery) (+0.09%)

« Price (USD in thousand) (-0.94%)

User Context

+ Possession of an EV charger at home (+7.55%) +57'25%
+ Possession of an EV charger at work (+4.89%)
« Age (-0.32%)

+ Experience with an EV repair service (-9.75%)

h 4
-
[ Explanatory Variables (X) | ——
User Context Willingness to repurchase a BEV
+ Experience in using an EV Call Center (+5.25%) in the future (2)
= Monthly Income (USD in thousand) (+0.74%) .
- Age (+0.35%) 5 Deﬁnltely yes
= Total mileage of driving a BEV (miles in thousand) (+0.22%)

Figure 4.3 Summary of Analysis Results
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Regarding willingness to repurchase a BEV in the future, BEV ownership satisfaction is
the most influential factor as expected. In addition, the experience in using an EV Call Center is
the second most powerful factor. This might be because those who have used EV Call Centers
think they will be assisted by an EV Call Center when needed. This is another key unique finding
from BEV owners’ viewpoint. As a BEV owner drives a BEV more, the owner is more likely to
repurchase a BEV in the future, which seems intuitively reasonable. As expected, when it comes
to socio-economic aspects, it is revealed that monthly income has a positive relationship with the
willingness to repurchase a BEV. Lastly, older BEV owners are more likely to be satisfied with
owning a BEV rather than very satisfied, but they are more likely to be definitely willing to
repurchase a BEV. This implies that older BEV drivers tend to be less generous with their
satisfaction, while at the same time being inclined to keep adopting BEVs.

LIMITATIONS

Considering that the survey results regarding the willingness to repurchase a BEV are highly
consistent with the EV discontinuance rate in California reported by UC Davis, the results and
findings from this study are considered generalizable to some extent (/6). Given that Jeju, South
Korea, and California are EV-friendly regions with policies to support EV adoptions, the results
and findings from this case study can be generalized to those regions with similar contexts in terms
of policy (40-103-104). However, the average willingness to repurchase a BEV might be lower if
a case study were conducted in another region without EV subsidy policies or an EV call center to
provide BEV users with real-time information. Accordingly, the statistical relationships quantified
in this case study might be weaker if the data captured some unobserved variables related to
regional contexts. Future research may attempt to perform additional case studies in other regions
or countries to gain evidence for more generalizable findings.

Another limitation of this study is that the data has limited variables about vehicle features,
although those variables offer valuable insights regarding BEV re-adoption. Thus, it should be
noted that the coefficient of each vehicle-feature variable might have been overestimated. If the
data captured more variables on vehicle features, some relationships would be weaker, even if
they are statistically significant. Future research may attempt to collect detailed vehicle features
directly from a survey.

In addition, although this study attempted to capture as many objective variables as possible,
the multiple-choice questions for some subjective issues such as perceptions of BEVs might not
have perfectly captured what the respondents thought and how they felt. Meanwhile, since the
survey that was conducted by Jeju Special Self-Governing Province and Jeju Research Institute
(JRI) in December 2018 collected a large amount of information from a large sample size, it took
much time to code the answers to generate, process, clean, and analyze the data. During this time
lag, things have somewhat changed in terms of the BEV use especially in Jeju, South Korea,
although the findings and implication from this study are considered “still valid” because the
changes have not been dramatic so far. The key changes are as follows.

e InJeju, South Korea, the number of registered BEVs has increased from 15,549 to 25,571
for the period of December 2018 to December 2021 (75). Accordingly, its market share
has increased from 2.8% to 3.9% during the same period. The BEV diffusion in this region
is still at an early stage where the BEV market share is lower than 5% (75).

e The subsidy policy for BEV buyers in Jeju, South Korea were in effect in 2018 and are still
in effect in 2022 (103-104).
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e The number of public EV chargers has increased from 2,201 to 4,934 for the period of
December 2018 to December 2021. The number, 4,934, in December 2021 is still low
compared to the number of BEV owners, 25,571, in Jeju, South Korea (105).

e The average range of BEVs estimated by International Energy Agency (IEA) has increased
from 186 (mile/battery) to 217 (mile/battery) for the period of 2018 to 2021 (106).

CONCLUSION

Based on the results of this study, BEV owners seem fairly satisfied and willing to repurchase a
BEYV in the future. BEV ownership satisfaction can drop due to negative perceptions of BEVs,
vehicle features, or BEV user experience, while willingness to repurchase a BEV in the future can
be weakened by a low level of satisfaction. These results lead to practical implications. The
findings of this study can provide vehicle developers with insights that BEVs with automation
features such as collision warning systems can enhance BEV ownership satisfaction, which would
help induce them to keep adopting a BEV. In addition, BEV ownership satisfaction level would
drop when BEV owners feel it is difficult to charge a BEV, which might prevent them from
repurchasing a BEV in the future. Thus, it will be important to make charging BEVs easier. Besides,
BEVs with a longer range (mile/battery) would make BEV owners more satisfied, which would
help induce them to continue to adopt BEVs in the future.

For planners, engineers, and policymakers in the transportation field, this study highlights
that installation of a sufficient number of public EV charging stations will be necessary to induce
BEV owners to repurchase BEVs in the future. This study also implies companies’ installation of
EV chargers for their employees would help induce BEV owners to continue to adopt a BEV. In
light of this, policymakers may need to consider implementing some policies to encourage
companies to supply EV chargers for their employees. Furthermore, the results of this study have
implications for the EV industry and policymakers—that EV diffusion could be accelerated by
providing EV owners with a variety of ways to gain real-time information, such as call centers and
smartphone applications. Considering the finding that EV owners’ experience in using an EV Call
Center directly increases their willingness to repurchase a BEV in the future, BEV owners seem
to care about whether they have options to be assisted whenever they need help on the road. When
BEV owners have diverse options to obtain helpful information quickly, they will be more willing
to repurchase an EV in the future.
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Chapter 5. Advancing Investigation of Automated Vehicle
Crashes Using Text Analytics of Narratives and Bayesian
Analysis
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ABSTRACT

Vehicle automation, manifested in self-driving cars, has the promise to provide safe mobility by
reducing human errors. While the testing of automated vehicles (AVs) has improved their roadway
performance in recent years, automation technologies are facing challenges such as uncertainty of
safety impacts in mixed traffic with human-driven vehicles. This study aims to figure out the gaps
in AV safety performance and identify what will be required on a preferential basis for AVs to
guarantee an acceptable level of safety performance, especially in mixed traffic, by conducting a
thorough analysis of crashes involving levels 2-3 AVs. Based on 148 AV collision reports from
California in 2019 and 2020, this study extracts crash-related variables from crash records in a
standardized form, crash locations, and, importantly, crash narratives reported by AV
manufacturers. Within a path-analytic framework with the frequentist and Bayesian approaches,
this study untangles the complex interrelationships among pre-crash conditions, AV driving modes,
crash types, and crash outcomes. Results show that 60.1 percent of crashes had a rear-end collision.
Particularly, AVs become more vulnerable to rear-end collisions in the automated driving mode
than in the conventional mode, given a crash. On the other hand, the automated driving mode
would not significantly affect the chance of a sideswipe collision, injury, or AV damage levels.
Another interesting finding is that manual disengagement is more likely to happen when an AV
interacts with a transit vehicle right before a crash occurs. Moreover, the results suggest that AVs
would need more thorough testing to adapt to the critical roadway and infrastructure features such
as intersections, ramps, and slip lanes, while roadway infrastructure would require improvements
to support transportation automation. The risk factors identified in this study can be considered in
AV safety assessment scenarios as well as in future operations of mixed traffic. Further, this study
implies that AV crash narratives can be leveraged to improve knowledge of AV safety.

Keywords: Automated Vehicle, Crash, Safety Assessment, Crash Narrative

INTRODUCTION

Transportation automation is widely considered a fundamental solution for the issues of traffic
safety, congestion, and mobility. Specifically, crash frequency is expected to be dramatically
reduced by removing human errors when the roads have fully automated vehicles (/07). In addition,
traffic flow is expected to become more stable with fully automated vehicles, which would mitigate
traffic congestion (/07). Since fully automated vehicles will be able to move people without
requiring them to drive, they are expected to provide those people with physical disabilities and
the elderly with additional mobility options (/07).
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Currently, many vehicles are already equipped with advanced driver assistance functions
to warn drivers of potential risks on the road so that they can take appropriate and timely actions
to avoid a crash (/07). Moreover, some manufacturers of automated vehicles (AVs) have been
testing their vehicles mostly in automation level 2 (Partial Automation) and level 3 (Conditional
Automation) on real roads (/08-109). Since September 2014, for example, the State of California
has been allowing AV manufacturers to test their AVs with a driver on the public roads with the
requirements that they have to report all the crashes through a standardized form called OL316, all
disengagements of AVs experienced, and vehicle miles traveled (VMT) by their AVs (/09). This
policy allows AV manufacturers to deploy their AVs in development on real roads while producing
data sources from road tests that can be used for assessing AV safety performance at the society
levels (110).

One of the critical challenges in transportation automation is that AVs should interact with
human-driven vehicles on the road until the market penetration rate of AVs approaches 100 percent.
This issue would create uncertainty in traffic safety unless AVs become 100% capable of predicting
the movements of human-driven vehicles on the road. For instance, a previous study revealed that
low market penetration of AVs with Adaptive Cruise Control (ACC) technologies might slightly
compromise traffic stability at intersections (///). Likewise, another study showed that the
introduction of AVs might slightly increase conflicts at roundabouts (/72).

By scrutinizing the crash history of AVs tested on the roads, this study aims to assess the
current state of AVs in terms of safety and identify what will be required on a preferential basis for
AVs to guarantee an acceptable level of safety performance, especially in mixed traffic. Based on
the 148 AV collision reports released by the California Department of Motor Vehicles (DMV) in
2019 and 2020, this study structures a comprehensive dataset consisting of key information from
crash records, crash locations, and crash narratives reported by AV manufacturers. With the
comprehensive dataset, this study explores the relationships among pre-crash conditions, AV
driving modes, crash types, and crash outcomes. The findings from this study would provide a
thorough understanding of AV-involved crashes while giving AV public agencies and developers
helpful feedback on the gaps in automated driving performance. Moreover, the key factors
identified in this study can be included in safety assessment scenarios for more efficient and
reasonable testing of high-level automation. They can also be considered in developing Vehicle-
to-Vehicle (V2V) and Vehicle to Infrastructure (V2I) communication technologies for vehicle
connectivity and transportation automation.

LITERATURE REVIEW

As this study covers those crashes involving AVs with partial and conditional automation, this
section briefly introduces the automation levels defined by the Society of Automotive Engineers
(SAE). As summarized in Figure 5.1, the automation levels consist of 6 levels, from Level 0,
referring to "No Automation," to Level 5, referring to "Full Automation" (/07-108). Between the
two extremes, there are intermediate levels, including “Driver Assistance (Level 1),” “Partial
Automation (Level 2),” “Conditional Automation (Level 3),” and “High Automation (Level 4)”
(107-108). This study covers crashes involving those AVs in “Partial Automation (Level 2)” and
"Conditional Automation (Level 3)," where an AV can perform some driving functions in the
automated driving mode, but the driver should be ready to take control of the AV whenever needed
(107-108).

81



Full Automation
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performing all driving
functions under all

The vehicle is capable of
performing all driving
functions under certain

Driver is a necessity, but
is not required to monitor
the environment. The

Vehicle has combined
automated functions,
like acceleration and
steering, but the driver
must remain engaged

Vehicle is controlled by
the driver, but some
driving assist features
may be included in the

Zero autonomy; the
driver performs all
driving tasks.

conditions. The driver
may have the option to
control the vehicle.

conditions. The driver
may have the option to
control the vehicle.

driver must be ready to
take control of the
vehicle at all times
with notice.

vehicle design.

with the driving task and
monitor the environment
at all times.

Figure 5.1 SAE Automation Levels summarized by NHTSA (107)
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There have been efforts to assess AV safety performance, especially referring to AV collision or
disengagement reports released by the California DMV, key findings of which are summarized in
Figure 5.2. Overall, previous studies have attempted to understand basic nature of AV-involved
crashes, while inspecting observable facets of them such as crash types and outcomes. Some
studies have performed a descriptive analysis of crash records to understand the characteristics of
AV-involved crashes (//3-118). From those studies, rear-end collision was found to be the most
frequent type of collision, while AV-involved crashes tend to result in less severe injuries compared
to the crashes among human-driven vehicles (/13-114-116-118). Especially, it was shown that AV-
involved crashes had a higher proportion of rear-end collisions than conventional vehicle crashes,
while AVs had been struck from behind 4.8 times more frequently than human-driven vehicles
(115-119).

Besides, some studies have attempted to identify influential factors concerning specific
aspects of AV-involved crashes such as crash types, injury, or vehicle damage (/20-122). It was
revealed that rear-end collisions are positively correlated with the automated driving mode, one-
way roads, roadways with high traffic volume, intersections, and an AV stopped (/16-117-120-
122). When it comes to injury, those crashes on highways were found to be more likely to result
in a higher level of injury severity (/20). Moreover, injury crashes were found to have a positive
relationship with roadside parking, intersections, arterial roads, and rear-end collisions (/22).
Meanwhile, AV damage level was found to have a positive relationship with rear-end collisions,
while having negative relationships with the automated driving mode and intersections (/27). One
of the recent studies has investigated AV-involved crashes involving vulnerable road users
revealing that those crashes had a positive relationship with crosswalks, intersections, and traffic
signals (/23). Furthermore, there was an effort to cluster the patterns of AV-involved crashes
according to crash-related factors such as turning movement, manner of collision, light conditions,
and injury severity. (/24). With AV disengagement reports, a downward trend of disengagement
frequency has been captured, while disengagement was found to be a frequent pattern right before
an AV-involved crash takes place, having different types of reasons such as a driver's judgment
and system failures (125-127).

Despite the previous efforts, there are still gaps in understanding AV-involved crashes. First,
previous studies tended to provide fragmentary though valuable insights into AV-involved crashes
by focusing on a specific crash type or outcome, e.g., rear-end collision and injury (/16-117-120-
122-124). To provide a comprehensive and clear picture of AV-involved crashes, this study
attempts to systematically untangle complex interrelationships among a variety of factors related
to AV-involved crashes rather than providing fragmentary insights. This includes the development
of a path-analytic framework embedded in the safe system approach to account for the elements
related to human, vehicles, roadways, and the environment in crash investigation. Second, most
studies relied on limited variables, mainly from crash records in a standardized (OL316) form.
Although some previous studies performed a text analysis of crash narratives to obtain valuable
insights, they did not extract additional variables directly from crash narratives for statistical
modeling (/22-123). Considering that analysis of such narratives can support a better
understanding of AV-involved crashes in mixed traffic, this study takes full advantage of multiple
data sources to extract as many significant variables as possible. This is done by data linking and
analysis of crash narratives to create new variables. Moreover, this study combines the prior
knowledge from previous findings and evidence from the sample to generate posterior knowledge,
which is done by applying the Bayesian approach. This helps derive more reasonable statistical
inferences by reducing potential bias from the sample.
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Figure 5.2 Summary of Literature Review
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METHODOLOGY
Conceptual Framework

This study consists of two main tasks: (1) Organization of a comprehensive dataset of AV-involved
crashes and (2) Statistical analysis with a path analytic framework, as shown in Figure 5.3. A
comprehensive dataset was organized from crash records, crash locations, and crash narratives in
AV collision reports (N=148) released by California DMV in 2019 and 2020. Through this task,
this study extracted those crash-related factors that had been confined in crash narratives and crash
locations in addition to those factors directly from crash records in a standardized form.

Crash-related variables are categorized into four different layers, i.e., pre-crash conditions,
AV driving modes, crash types, and crash outcomes. Importantly, AV driving modes consist of
three categories: “Pre-crash Automated — During-crash Automated,” “Pre-crash Automated —
During-crash Conventional," and "Pre-crash Conventional — During-crash Conventional.” In this
study, manual disengagement by a driver (Pre-crash Automated — During-crash Conventional) is
considered a critical pre-crash behavior that might have an impact on crash types and outcomes
based on the literature review (/26). With the four layers, as visualized in Figure 5.3, this study
applies a path-analytic framework with statistical modeling to provide a comprehensive and clear
picture of AV-involved crashes by systematically connecting the layers within the sequential flow
of AV-involved crashes (/28). In previous crash-related studies, path-analytic frameworks have
been found to allow straightforward interpretations with marginal effects as well as exploration of
direct and indirect effects (/29-130). Based on the safe system approach accounting for human,
vehicles, roadways, and the environment, the path-analytic framework has been developed in
accordance with the insights from the literature review including that (1) crash outcomes can be
affected by pre-crash conditions including the roadway and built environment, AV driving modes,
and crash types, (2) crash types can be affected by pre-crash conditions and AV driving modes
(vehicle and driver factors), and (3) AV driving modes can be affected by pre-crash conditions
(131). Especially, disengagement by a driver or the automated driving system is a frequent pattern
observed right before an AV-involved crash occurs (/25-127). The framework includes providing
refined models on rear-end collision and injury that have been covered by previous studies and
providing additional models on AV driving modes, sideswipe collision, and AV damage (/16-117-
120-122).

Data Collection
Source 1. Crash Records in a Standardized Form

From the crash records in OL316 form (Figure 5.4), this study extracted variables related to pre-
crash conditions, AV driving modes, crash types, and crash outcomes. The variables regarding pre-
crash conditions include vehicle manufacturers, such as Cruise LLC and Waymo LLC, vehicle
movements, such as the combination of an AV stopped and the second vehicle proceeding straight,
the combination of an AV slowing and the second vehicle proceeding straight, the combination of
an AV and the second vehicle proceeding straight, the combination of an AV proceeding straight
and the second vehicle changing lanes, and the combination of an AV making a left turn and the
second vehicle proceeding straight, and AVs’ interaction with pedestrians or bicyclists. The
variables regarding AV driving modes reported in the form include the automated driving mode
and conventional mode. The variables concerning crash types include the manner of collision, such
as rear-end collision and sideswipe collision. Crash outcomes include AV damage levels, such as
no, minor, moderate, and major damage, and whether a crash injured at least one person.
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Figure 5.3 Conceptual Framework
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SECTION 1 — MANUFACTURER'S INFORMATION
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Figure 5.4 Part of AV Collision Report in OL316 Form




Source 2. Crash Narratives

The crash narratives in AV collision reports are provided by AV manufacturers and can help
identify the valuable information that the standardized form has failed to capture. This study shows
how such data can be leveraged to improve knowledge of AV safety in mixed traffic. Specifically,
this study collected additional variables by conducting a text analysis of crash narratives, as shown
in Figure 5.5. The variable extraction from crash narratives has been performed according to the
following procedure.

e Performing a text analysis of all the crash narratives to check word or phrase frequency.

e Comparing the frequently mentioned words or phrases to the items recorded in crash
reports.

e Finding out the frequently mentioned words or phrases missing in crash reports.

e Setting a variable corresponding to specific words or phrases.

e Extracting the variable’s value for each case by reviewing each crash narrative.

¢ Including the variable in statistical modeling to check if it has a significant impact.

Text analysis results revealed that the words representing “AVs’ yielding or waiting,” “AVs’
interaction with transit vehicles," and "manual disengagement" were frequently mentioned in crash
narratives but not recorded in a standardized form. Accordingly, those variables were extracted
from crash narratives to create a comprehensive dataset, as shown in Figure 5.6, and they were
found to be influential in AV-involved crashes by statistical modeling, which is shown in the
section "Results.”

Source 3. Spatial Information of Crash Locations

Additionally, this study collected spatial information on crash locations, as shown in Figure 5.7,
to extract those variables related to the built environment around the places where AV-involved
crashes have occurred. By referring to the addresses of accidents and crash narratives available in
collision reports, the location of every crash was identified to investigate the characteristics of the
place where each AV-involved crash occurred (/32). As a result, those variables concerning land
use, road classification, and road segment types were extracted.

Analysis Methods

As shown in the conceptual framework, the path analysis consists of five regression models, each
of which has its response variable respectively: (1) AV driving mode, (2) involving a rear-end
collision, (3) involving a sideswipe collision, (4) involving injury to at least one person, and (5)
AV damage level. Since “AV driving mode” has three different categories, a multinomial logistic
regression is applied. An ordered logistic regression is used for “AV damage level” with ordinal
categories. As the remaining response variables have binary outcomes, Yes or No, binary logit
models are estimated to figure out their relationships with explanatory variables.

Multinomial Logistic Regression

A multinomial logit model is estimated to describe how pre-crash conditions influence AV driving
mode. The mathematical form of multinomial logistic regression is as follows (35).

IOg(Z_i) =a+BX,j=1,..c,exceptforc. 1)
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Figure 5.5 Word Cloud (Left) and Phrase Cloud (Right) from Crash Narratives
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Narrative

A Cruise autonomaus vehicle (“Cruise AV") operating in
autcnomous mecde, was traveling nerthbound on Leavenworth
Street at the intersection with Post Street when the Cruise AV
yielded to a public transit bus changing into the Cruise AV’s lane
from the right adjacent lane. The driver of the Cruise AV
disengaged from autonomous mode and, shortly thereafter, another
vehicle made contact with the left rear corner of the Cruise AV,
damaging the Cruise AV's left rear fascia and the other vehicle’s
right front fascia. There were no injuries and police were not called.

Involving
Yielding or Waiting

Involving
Transit

Involving
Manual Disengagement

101

On December 19, 2019 at approximately 9:44AM, a Zoox vehicle
operating in manual mode was struck on the passenger side fender
by a bus. The Zoox vehicle was traveling north on Kearny in the right
most lane when the bus attempted to lane change in front of the
Zoox vehicle, impacting its front passenger side sensors and
fender. The bus was traveling less than 2mph when it hit the Zoox
vehicle, which was stopped. There were no injuries.

102

A Waymo Autonomous Vehicle (“Waymo AV”) was stopped in
manual mode in the slip lane from southbound Whisman Station
Drive to northbound Central Expressway in Mountain View when it
was rear-ended. The Waymo AV test driver was yielding to
approaching traffic when a passenger vehicle made contact with the
Waymo AV's rear bumper at approximately 2 MPH. The Waymo AV
sustained minor damage to its rear bumper, and the passenger
vehicle sustained minor damage to its front bumper. No injuries
were reported at the scene.

Figure 5.6 Variable Extraction from Crash Narratives
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SECTION 2 — ACCIDENT INFORMATION/VEHICLE 1

DATE OF ACCIDENT TIME OF ACCIDENT VEHICLE YEAR MAKE MODEL
01/07/2019 06:54 [ AM X PM|[2019 Chevrolet Bolt
LICENSE PLATE NUMBER VEHICLE IDENTIFICATION NUMBER STATE VEHICLI
CA
ADDRESS/LOCATION OF ACCIDENT CITY COUNTY STATE 2
IFolsom St. and 11th St. San Francisco I San Francisco CA
A Cruise autonomous vehicle (“Cruise AV”), operating in conventional mode, was making a left turn from northeast bound Folsom Street
onto northwest bound 11th Street when a scooterist, attempting to pass the Cruise AVon ée Teff, made contact with the front Ief side of the
muise AV, damaging the front left fender, radar, and wheel well of the Cruise AV. The scooterist reported injuries and emergency services

and the police arrived at the scene, but the scooterist declined medical treatment. No police report was available at the time of the filing of
this report.

Figure 5.7 Spatial Information of Crash Locations
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log(:—i) =a+BX,j=1,..c,exceptfor c. D

In equation (1) above, . is the probability that the dependent variable falls into the
baseline category (c). Likewise, 7; is the probability that the dependent variable falls into the jth
category. In addition, a is the constant, X is a set of explanatory variables, and B is a set of
coefficients.

Along with modeling, this study quantifies the marginal effects of explanatory variables.
The marginal effect of an explanatory variable is defined as the change in the chance that the
dependent variable belongs to a specific category due to a unit increase in the explanatory variable
when the other variables are fixed at their mean values (65). Because the explanatory variables in

this model have binary outcomes, Yes and No, the mathematical form of marginal effect is written
as follows (66).

P =UX) _ ply = iIX, X, = 1] = PIY = iIX, X; = 0] @)

In equation (2) above, P[Y = i] is the probability that the dependent variable falls into a
specific category i. While X is a set of explanatory variables, X is the kth explanatory variable in
a regression model. Thus, X}, = 1 says that the explanatory variable has the outcome "Yes" while
X, = 0 says it has the outcome "No."

Binary Logistic Regression

Binary logit models are estimated to explain how pre-crash conditions and AV driving modes
affect crash types such as rear-end collision and sideswipe collision. Another binary logit model
describes how the odds of injury are affected by pre-crash conditions, AV driving modes, and
crash types. The mathematical form of binary logistic regression is as follows (62).

P(y=1) 1 _

log [—1_P(Y=1)] =a+ BX 3
_ __exp(atpX) 1

P¥=1) = 1+exp (@+BX)  1+e—(@+BX) (4)

The equation (4) is derived by re-organizing equation (3), where P(Y = 1) is the
probability that the response variable has the outcome “Yes,” a is the constant, X is a set of
explanatory variables, and f is a set of coefficients. Along with binary logit models, the marginal
effects of explanatory variables are quantified as in the multinomial logistic regression. The
mathematical form of marginal effects in logit models is written as the equation (2) for when i =
land i = 0.

Ordered Logistic Regression

An ordered logit model is applied to describe how AV damage level is influenced by pre-crash
conditions, AV driving modes, and crash types. The mathematical form of ordered logistic
regression is as follows (133). The marginal effects of explanatory variables are derived as in
multinomial logistic regression.

Y*=BX+¢ (5)
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, Where Y™ is the latent variable that is exact but unobserved, X is a set of explanatory variables,
is a set of coefficients, and ¢ is the error term. The dependent variable is determined by the value
of the latent variable, Y*, as follows (133).

Y = 0 (No Damage) if Y*<up
Y =1 (Minor Damage) it puo <Y <y (6)
Y = 2 (Moderate or Major Damage) if u; <Y*

, Where u's are the thresholds between the dependent variable categories, Y. The probability that
the dependent variable (Y) belongs to a certain level is determined according to the cumulative
density function (CDF) of the logistic distribution (133).

Bayesian Approach

With the frequentist approach, statistical analysis in this study would have no choice but to rely on
the evidence from sample data with 148 crash cases (/34). This issue might cause biased inferences
and interpretations (/34). To reduce potential bias from the sample, this study applies the Bayesian
approach in addition to the frequentist approach. The Bayesian approach helps better understand
the underlying relationships between variables by considering both sample data and prior
knowledge to derive posterior knowledge (/34). For Bayesian inference, this study applies
informative prior distributions for those variables with appropriate prior knowledge available from
literature while applying uninformative prior distributions, including weak normal priors,
Bi~N(0,1000), and strong normal priors, §;~N(0, 10), for those variables without appropriate
prior knowledge available (/22).

RESULTS
Key Statistics

Descriptive statistics of key variables from the comprehensive dataset are summarized in Table
5.1. Regarding vehicle manufacturers, 51.4 percent of the crashes involved AVs manufactured by
Cruise LLC, while 24.3 percent involved AVs manufactured by Waymo LLC. When it comes to
AV driving modes, 94 AVs (63.5%) were operating in the automated driving mode before a crash,
32 of which (21.6%) were manually disengaged by their drivers right before a crash, while 62 AVs
(41.9%) remained in the automated driving mode.

Statistics also show spatial information of crash locations. It is revealed that 53.4 percent
of the crashes occurred in commercial areas, while 37.8 percent occurred in residential areas.
While 79.7 percent of the crashes took place on the street, 6.8 percent occurred on the freeway,
expressway, or highway. Besides, 81.8 percent of the crashes occurred at intersections, while 3.4
percent occurred on ramps or slip lanes.

Moreover, statistics offer information on vehicle movements before a crash. It is shown
that 22.3 percent of the crashes occurred when an AV was stopped while the second vehicle was
proceeding straight. Notably, 28.4% of the crashes took place while an AV was yielding to or
waiting for other road users.

Furthermore, statistics provide information on AVs’ interaction with other road users before
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a crash. It is revealed that 4.1 percent of the crashes occurred while an AV was interacting with a
transit vehicle. Meanwhile, 7.4 percent of the crashes happened while an AV was interacting with
pedestrians or bicyclists.

Finally, statistics show information on crash types and outcomes. It is shown that 60.1
percent of the crashes had a rear-end collision, which is aligned with previous findings that rear-
end collision was the most common type of AV-involved crash (/73-114-116-118). In 95.5 percent
of those cases (85 out of 89), AVs were struck by another vehicle. The second most common type
of crash was sideswipe collision taking 18.9 percent. In 67.9 percent of those cases (19 out of 28),
AVs were struck by another vehicle. Furthermore, it is revealed that 20.9 percent of the crashes
resulted in injury to at least one person, while 72.3 percent caused minor damage to AVs.

Analysis Results
AV Driving Mode

Regarding AV driving mode, as summarized in Table 5.2, a multinomial logit model (Model 1)
was estimated with the explanatory variables related to pre-crash conditions, including AV
manufacturers, land use, road classification, roadway segment types, vehicle movements, and
other road users. The model's Akaike's Information Criteria (AIC) value is 303.160, while the
Bayesian Information Criteria (BIC) value is 399.071. McFadden’s R squared is 0.240, which
means that the model fits well with the data. This study considers the impact of an explanatory
variable meaningful when its estimated coefficient (f) is significant, at least at the 90% confidence
level.

Since the category “Pre-crash conventional — During-crash conventional” is the base
category of the dependent variable, the coefficients (f’s) in Table 5.2 represent the impacts of
explanatory variables on each category compared to the base category, “Pre-crash conventional —
During-crash conventional.” For example, in Table 2, the coefficient of “Intersection” for the
category “Pre-crash automated — During-crash automated” is 2.082. This indicates that
“Intersection” is associated with higher odds of “Pre-crash automated — During-crash automated”
rather than “Pre-crash conventional — During-crash conventional” by 8.02 times given that
e2082 = 8,02.

In Table 5.3, the marginal effect of an explanatory variable quantifies the change in the
chance (%) of each category by a unit increase in each explanatory variable. For instance, the
marginal effect of “Freeway/Expressway/Highway” on the category of “Pre-crash automated —
During-crash conventional” is 34.5% at the 95% confidence level, which means, given an AV-
involved crash, the chance that the AV driver manually switched the mode from the automated
driving mode to the conventional mode right before the crash is higher by 34.5% on the freeway,
expressway, or highway.

Notably, as shown in Table 5.2 and Table 5.3, the model suggests that manual
disengagement right before a crash occurs has a positive relationship with the freeway, expressway,
or highway. In addition, manual disengagement is found to have a positive relationship with the
interaction between AVs and transit vehicles. Concerning vehicle movements, manual
disengagement has a positive relationship with the combination of an AV slowing or stopping and
the second vehicle proceeding straight. Likewise, manual disengagement has a positive
relationship with the combination of an AV and the second vehicle proceeding straight. Meanwhile,
at an intersection, an AV is more likely to operate in the automated driving mode rather than the
conventional mode before a crash occurs. Moreover, the AVs manufactured by Cruise LLC or
Waymo LLC are less likely to be in the conventional mode before a crash occurs.
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Table 5.1 Key Statistics (Sample Size=148)

Variable | Frequency | Percentage (%)
Vehicle manufacturer

Cruise LLC 76 51.4

Waymo LLC 36 243

Other 36 24.3
AV driving mode

Automated — Automated 62 419

Automated — Conventional (Manual Disengagement) 32 21.6

Conventional — Conventional 54 36.5
Land use

Residential 56 37.8

Commercial 79 53.4

Recreational 9 6.1

Other 4 2.7
Road classification

Freeway / Expressway / Highway 10 6.8

Street 118 79.7

Other 20 13.5
Road segment type

Intersection 121 81.8

Ramp / Slip Lane 5 3.4

Other 22 14.8
Vehicle movements (AV, Second Vehicle)

(Stopped, Straight) 33 22.3

(Slowing/Stopping, Straight) 6 4.1

(Straight, Straight) 18 12.2

(Straight, Changing Lanes) 14 95

(Left, Straight) 3 2.0

Other 74 50.0
Involving an AV’s yielding or waiting 42 28.4
Other road users

Involving a transit vehicle 6 4.1

Involving a pedestrian or bicyclist 11 7.4
Crash type

Rear-End 89 60.1

* 85 out of 89 AVs (95.5%) were rear-ended by another vehicle.

Sideswipe 28 18.9

* 19 out of 28 AVs (67.9%) were sideswiped by another vehicle.

Other 31 20.9
Involving injury to at least one person 31 20.9
AV damage level

None 15 10.1

Minor 107 72.3

Moderate 24 16.2

Major 2 1.4
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Table 5.2 Model 1 (Multinomial Logit): AV Driving Mode

* Base Category: Pre-crash Conventional — During-crash Conventional

Pre-crash Automated

Pre-crash Automated

Variable During—cras? Automated During—crast?Conventional
B P-value B P-value

AV manufacturer

Cruise LLC 1.793 0.001 3.722 <0.001

Waymo LLC 1.711 0.017 1.632 0.194
Land use

Residential -2.206 0.212 -3.953 0.055

Commercial -2.564 0.151 -4.971 0.019

Recreational -2.292 0.245 -4.268 0.069
Road classification

Freeway/Expressway/Highway 0.396 0.717 3.121 0.033

Street 0.415 0.568 493 0.663
Road segment type

Intersection 2.082 0.002 2.050 0.021
Vehicle movements: (AV, 2nd Vehicle)

(Stopped, Straight) 0.451 0.423 -.546 0.583

(Slowing/Stopping, Straight) -0.371 0.804 1.857 0.168

(Straight, Straight) 0.941 0.315 2.247 0.026

(Straight, Changing Lanes) 1.173 0.171 1.353 0.187
Involving an AV’s yielding or waiting 0.825 0.151 .682 0.339
Other road users

Involving a transit vehicle -0.848 0.546 1.958 0.167

Involving a pedestrian or bicyclist 0.067 0.940 1.152 0.242
Constant -1.232 0.432 -1.793 0.375

Model Summary Value

Number of Observations (N) 148
McFadden’s R? 0.240
AlC 303.160
BIC 399.071

95




Table 5.3 Marginal Effects in Model 1 (Multinomial Logit)

Marginal Effects (%)

Pre-crash Pre-crash Pre-crash
Variable Automated Automated Conventional
— — —
During-crash During-crash During-crash
Automated Conventional Conventional
AV manufacturer
Cruise LLC 7.0 30.9 *** -37.9 ***
Waymo LLC 21.6 6.4 -28.0 ***
Land use
Residential -13.5 -30.5 44.0
Commercial -12.8 -39.9 ** 52.7 **
Recreational -12.8 -33.6 46.4
Road classification
Freeway/Expressway/Highway -16.3 34.5** -18.2
Street 4.5 2.7 -7.2
Road segment type
Intersection 25.8 ** 8.5 -34.3 *¥**
Vehicle movements: (AV, Second Vehicle)
(Stopped, Straight) 13.3 -10.1 -3.2
(Slowing/Stopping, Straight) -21.8 25.2 ** -3.4
(Straight, Straight) 1.4 19.7 ** -21.2
(Straight, Changing Lanes) 13.0 7.2 -20.2
Involving an AV’s yielding or waiting 11.2 1.8 -13.0
Other road users
Involving a transit vehicle -32.2 30.1 ** 2.0
Involving a pedestrian or bicyclist -7.6 13.3 -5.8

Notes: Significance Level = *** 0.01, ** 0.05, and * 0.1
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Rear-End Collision

Concerning rear-end collision, as shown in Table 5.4, binary logit models were estimated with the
explanatory variables related to pre-crash conditions and AV driving mode. The frequentist binary
logit model (Model 2A) has McFadden’s R squared value, 0.371, which means it fits well with the
data. For the Bayesian binary logit models, this study applied informative prior distributions,
B~N(0.75,0.44) and B~N(1.96,0.34) , for the variables “Intersection” and ‘Pre-crash
automated — During-crash automated,” respectively, based on an earlier study (/22). For the other
variables, uninformative prior distributions were applied, including weak normal priors,
B~N(0,1000), and strong normal priors, f~N (0, 10). After estimating the Bayesian binary logit
models, the model with a lower Deviance Information Criteria (DIC) value was selected (Model
2B).

Estimation results of the frequentist and Bayesian binary logit models are summarized in
Table 5.4. Regarding the impact of AV driving mode, notably, the frequentist model (Model 2A)
estimated the coefficient () of “Pre-crash automated — During-crash automated” as 1.524 at the
99% confidence level based solely on the sample, while the Bayesian model (Model 2B) estimated
the mean of the coefficient as 1.654 and its 95% credible interval as (0.905, 2.393), as visualized
in Figure 5.8, by taking both the sample and prior knowledge into account. According to the
frequentist model (Model 2A), the marginal effect of this variable is 21.7%, which indicates that
the chance of a rear-end collision is higher by 21.7% when an AV is in the automated driving mode
compared to when it is in the conventional mode.

According to Models 2A and 2B, most importantly, the chance of a rear-end collision
increases when an AV crashes in the automated driving mode compared to when it crashes in the
conventional mode. This relationship is aligned with previous findings (//6-121-122). Another
notable observation is that rear-end collisions have a positive relationship with AVs yielding to or
waiting for other road users. Besides, rear-end collisions have a negative relationship with an AV’s
interaction with pedestrians or bicyclists. Regarding vehicle movements, rear-end collisions have
a positive relationship with the combination of an AV stopped and the second vehicle proceeding
straight, the combination of an AV slowing or stopping and the second vehicle proceeding straight,
the combination of an AV and the second vehicle proceeding straight, and the combination of an
AV proceeding straight and the second vehicle changing lanes. Meanwhile, intersections are not
found to have a significant impact on the chance of a rear-end collision, which is aligned with a
previous finding (/22) and, at the same time, not aligned with other previous findings (/16-120).

Sideswipe Collision

Regarding sideswipe collision, as shown in Table 5.5, binary logit models were estimated with the
explanatory variables related to pre-crash conditions and AV driving mode. For the Bayesian
binary logit models, this study applied uninformative prior distributions, including weak normal
priors, B~N(0,1000), and strong normal priors, f~N(0, 10). After estimating the Bayesian
binary logit models, the model with a lower DIC value was selected (Model 3B).

According to Models 3A and 3B, importantly, the chance of a sideswipe collision would
not be significantly affected by the AV driving mode, given an AV-involved crash. Meanwhile,
Model 3B indicates that the chance of a sideswipe collision is associated with vehicle movements,
given an AV-involved crash. Specifically, sideswipe collisions have a negative relationship with
the combination of an AV stopped and the second vehicle proceeding straight, as well as the
combination of an AV and the second vehicle proceeding straight.
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Table 5.4 Models 2A (Frequentist Logit) and 2B (Bayesian Logit): Rear-End Collision

Model 2A: Frequentist Logit

Model 2B: Bayesian Logit

1 )

rariavie B P-value | M.E. (%) | Mean(p) Credibs;: ;‘;tterval
AV manufacturer

Cruise LLC 0.741 0.230 10.1 1.055 0.037 2.258

Waymo LLC 0.079 0.928 1.1 0.249 | -0.619 1.197
Land use

Residential -0.594 0.710 -8.1 -0.981 | -1.872 -0.034

Commercial -0.471 0.767 -6.4 -0.711 | -1.758 0.494

Recreational -0.913 0.620 -12.5 -0.590 | -1.598 0.419
Road classification

Freeway/Expressway/Highway -1.424 0.326 -19.5 -1.509 | -2.991 0.168

Street -2.283 0.031 -31.2 -2.389 | -3.773 -1.056
Road segment type

Intersection | 0203| 0.770 2.8 0.074| -0670] 0.803
Vehicle movements: (AV, Second Vehicle)

(Stopped, Straight) 2.417 0.001 33.0 2.351 0.982 3.735

(Slowing/Stopping, Straight) 4.369 0.011 59.7 3.888 1.969 6.215

(Straight, Straight) 2.221 0.007 30.4 1.917 0.573 3.426

(Straight, Changing Lanes) 1.842 0.027 25.2 1.462 0.289 2.737

(Left, Straight) 0.326 0.811 4.5 0.428 | -0.964 1.814
x’avi‘t’i’r‘]’é”g an AV’s yielding or 1228 | 0.045 168| 1389 | 0473 2377
Other road users

Involving a transit vehicle -0.830 0.461 -11.3 -0.115 | -1.532 1.152

Involving a pedestrian or 2937 |  0.020 401 | 3172 | -4435| -1.972

bicyclist
AV driving mode (Base: Pre-crash Conventional — During-crash Conventional)

ieggfffgﬁﬂgzﬂ"gggvemiOnal 0388 | 0.590 59| -0431| -1587| 0578

ieggi‘ffgi‘;;‘;hmztﬁfomate ; 1524 | 0,009 21.7| 1654| 0905 2393
Constant 1.145 0.532 NA 1.143 | -0.323 2.631
Model Summary
Number of Observations (N) 148 148
McFadden’s R? 0.371 NA
AIC 163.128 NA
BIC 220.076 NA
DIC NA 149.395

Notes: In Model 2B, an informative prior, 8~N(0.75, 0.44), was applied for “Intersection”; an informative
prior, B~N(1.96,0.34), was used for “Pre-crash Automated — During-crash Automated”; uninformative
priors, B~N (0, 10), were applied for the other variables.

98




Posterior Probability Density Distribution

_’- TT_
=
la ’__
=
[ =
(=]
=
Sw- 1
< ==
Ko " s
e
a Bl
O o= lrl T T T T T T
0 5 1 1.5 2 25 3 8>

Coéfﬁcient of Pre-crash Automated -> During-crash Automated

Figure 5.8 Posterior Distribution of Coefficient of “Automated Driving Mode” (Rear-End Collision)
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Table 5.5 Models 3A (Frequentist Logit) and 3B (Bayesian Logit): Sideswipe Collision

Model 3A4: Frequentist Logit Model 3B: Bayesian Logit
Variable B | P-value | M.E. (%) | Mean(B) 93%
Credible Interval

AV manufacturer

Cruise LLC -0.191 0.752 -2.6 -0.260 | -1.066 0.540

Waymo LLC -0.423 0.638 5.7 -0.910 | -2.109 0.330
Land use

Commercial 0.592 0.313 8.0 0.617 -0.285 1.486

Recreational 1.306 0.167 17.6 1.008 | -0.258 2.276
Road classification

Street | 0944| 0281 127| 052 -0200] 1.404
Road segment type

Intersection | 0141 o0834] 19| -0000| -1206| 1.024
Vehicle movements: (AV, Second Vehicle)

(Stopped, Straight) -1.282 | 0.123 -17.2 -1.215 | -2.062 -0.356

(Straight, Straight) -1.366 0.130 -18.4 -1.818 | -3.140 -0.465

(Straight, Changing Lanes) -0.674 0.404 -9.1 -0.742 | -2.046 0.505
xa”i;’i’rfg”g an AV’s yielding or 0155 | 0.802 21| -0400| -1483| 0627
Other road users

Involving a transit vehicle 1.054 0.301 14.2 0.775 | -0.237 1.793

'br‘l‘c’;’l'c‘l’l';g a pedestrian or -0.826 | 0.355 11|  -0913| -2682| 0581
AV driving mode (Base: Pre-crash Conventional — During-crash Conventional)

ieggifﬁgiﬁgzhmgggven o 0.346 |  0.600 54| 0272| -0.782| 1325

P_r)egl;i‘;?gf‘c‘;;zhmapfﬁfomate ] 0605 | 0.308 75|  -0482| -1245| 0270
Constant -1.871 0.081 NA -1.516 -2.580 -0.450
Model Summary
Number of Observations (N) 148 148
McFadden’s R? 0.130 NA
AIC 152.92 NA
BIC 194.88 NA
DIC NA 144.696
Prior Distributions NA N(0, 1000)
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Injury Crash

Concerning injury crashes, as shown in Table 5.6, binary logit models were estimated with the
explanatory variables related to pre-crash conditions, AV driving mode, and crash types. The
frequentist binary logit model (Model 4A) has McFadden’s R squared value, 0.376, which means
it fits well with the data. For Bayesian binary logit models, this study applied informative prior
distributions, f~N(2.22,1.29), for the variable “Intersection,” based on an earlier study (122).
For the other variables, uninformative prior distributions were applied, including weak normal
priors, B~N(0,1000), and strong normal priors, f~N(0,10). After estimating the Bayesian
binary logit models, the model with a lower DIC value was selected (Model 4B).

Estimation results are summarized in Table 5.6. Regarding the impact of “Intersection,”
the frequentist model (Model 4A) estimated the coefficient () as 3.443 at the 90% confidence
level based solely on the sample, while the Bayesian model (Model 4B) estimated the mean of the
coefficient as 2.256 and its 95% credible interval as (0.835, 3.781), as visualized in Figure 5.9, by
considering both the sample and prior knowledge. According to the frequentist model (Model 4A),
the marginal effect of this variable is 35.4%, which indicates that the chance of injury is higher by
35.4% when an AV-involved crash occurs at an intersection.

According to Model 4A and 4B, importantly, the chance of injury given an AV-involved
crash would not be significantly influenced by AV driving mode. As in a previous study, injuries
from AV-involved crashes are found to have a positive relationship with intersections (/22).
Additionally, it is revealed that injury crashes have a positive relationship with recreational areas,
ramps or slip lanes, and an AV’s interaction with pedestrians or bicyclists. When it comes to vehicle
movements, injury crashes have a positive relationship with the combination of an AV making a
left turn and the second vehicle proceeding straight.

AV Damage Level

Regarding AV damage level, as shown in Table 5.7 and Table 5.8, ordered logit models were
estimated with the explanatory variables related to pre-crash conditions, AV driving mode, and
crash types. For Bayesian ordered logit models, this study applied uninformative prior distributions,
including weak normal priors, f~N(0,1000), and strong normal priors, f~N(0,10). After
estimating the Bayesian ordered logit models, the model with a lower DIC value was selected
(Model 5B).

Models 5A and 5B indicate that AV damage level would not be significantly affected by
AV driving mode, which conflicts with a previous finding that AV crash severity had a negative
relationship with the automated driving mode (/217). Likewise, AV damage level is not found to
have a significant relationship with intersections, which is not in accordance with a previous
finding suggesting a negative relationship between them (/27). These conflicts with previous
findings indicate that AV performance might not have improved much over time to better avoid
severe damage from a crash at an intersection. While AV damage level is found to have a positive
relationship with sideswipe collisions, it is not found to have a significant relationship with rear-
end collisions, which conflicts with a previous finding suggesting a positive relationship between
AV crash severity and rear-end collisions (/27). This conflict is probably because AV performance
has improved over time to avoid severe damage from a rear-end collision. Furthermore, AV
damage level is found to be associated with vehicle movements. Particularly, AV damage level has
a positive relationship with the combination of an AV proceeding straight and the second vehicle
changing lanes. Likewise, it has a positive relationship with the combination of an AV making a
left turn and the second vehicle proceeding straight.
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Table 5.6 Models 4A (Frequentist Logit) and4B (Bayesian Logit): Injury Crash

Model 4A: Frequentist Logit Model 4B: Bayesian Logit
1 0
rariable B P-value | M.E. (%) | Mean(p) Credibglj ;ztterval

AV manufacturer

Cruise LLC 5.062 | <0.001 52.0 5.415 3.825 7.323

Waymo LLC 2.019 0.191 20.7 1.907 0.237 3.972
Land use

Commercial 0.513 0.456 53 0.382 -0.457 1.248

Recreational 3.425 0.033 35.2 3.244 1.208 6.007
Road classification

Street -1.234 0.173 -12.7 -1.475 -2.756 -0.292
Road segment type

Intersection 3.443 0.077 354 2.256 0.835 3.781

Ramp or Slip Lane 4.980 0.030 51.1 3.560 2.603 4.596
Vehicle movements: (AV, Second Vehicle)

(Stopped, Straight) 1.591 | 0.055 16.3 1.946 | 0.438 3.331

(Slowing/Stopping, Straight) -1.408 0.365 -14.5 -0.707 -2.165 0.663

(Straight, Straight) 1.109 | 0.148 11.4 1426 | 0.147 2.673

(Left, Straight) 4,478 0.039 46.0 4.994 2.549 7.345
x’avi‘t’i’r‘]’;”g an AV's yielding or 0542 | 0410 5.6 0371 | -0798| 1401
Other road users

(I)r;vboilcvylglgi]s? pedestrian 2932 | 0011 30.1 2838 | 1.463 4215
AV driving mode (Base: Pre-crash Conventional — During-crash Conventional)

ieggiffgiﬁzhmgggvemiOnal 1263 | 0173 22|  -1.037| -2077| 0327

ieggﬁffgi‘ﬁ;‘;ﬂqiﬁsomate ; 0323|0660 35|  -0054| -1190| 1138
Crash type (Base: Other)

Rear-End 0.661 0.471 6.8 0.953 -0.466 2.492

Sideswipe -0.954 0.408 -90.8 -0.818 -3.295 0.976
Constant -8.954 0.001 NA -8.400 | -10.825 -6.805
Model Summary
Number of Observations (N) 148 148
McFadden’s R? 0.376 NA
AIC 128.861 NA
BIC 179.814 NA
DIC NA 117.814

Notes: In Model 4B, an informative prior, B~N(2.22,1.29), was applied for “Intersection”; uninformative
priors, B~N(0,1000), were applied for the other variables.
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Figure 5.9 Posterior Distribution of Coefficient of “Intersection” (Injury Crash)
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Table 5.7 Model 5A (Frequentist Ordered Logit): AV Damage Level

Marginal Effects (%6)

Variable B P-value None Minor lgro&ez;;gre
AV manufacturer

Cruise LLC 0.111 0.842 -1.0 -0.4 1.4

Waymo LLC 0.246 0.714 -2.1 -0.9 3.1
Land use

Residential -0.734 0.538 6.4 2.8 -9.2

Commercial -1.184 0.319 10.3 45 -14.9

Recreational -1.257 0.377 11.0 4.8 -15.8
Road classification

Freeway/Expressway/Highway ‘ -0.736 ‘ 0.395 ‘ 6.4 ‘ 2.8 ‘ -9.2
Road segment type

Intersection | 0143 0.810 | 13 | -0.5 | 1.8
Vehicle movements: (AV, Second Vehicle)

(Stopped, Straight) 0.730 0.205 -6.4 -2.8 9.2

(Slowing/Stopping, Straight) -0.066 0.952 0.6 0.3 -0.8

(Straight, Straight) 0.387 0.573 -34 -15 49

(Straight, Changing Lanes) 1.163 0.097 -10.2 -4.5 146 *

(Left, Straight) 2.660 0.058 -23.2* -10.2 33.4 **
Involving an AV’s yielding or waiting 0.191 0.701 -1.7 -0.7 24
Other road users

Involving a transit vehicle 0.276 0.782 ‘ -2.4 ‘ -11 35
AV driving mode (Base: Pre-crash Conventional — During-crash Conventional)

Er»eglziisr?gil;;zhmgggventional 0.489 0.422 33 4.0 13

e e
Crash type (Base: Other)

Rear-End 0.638 0.269 -5.6 -2.4 8.0

Sideswipe 1.659 0.009 -14.5 ** -6.4 | 20.9 ***
Threshold parameters

Uy -2.181 0.066 NA NA NA
Uy 2.037 0.087 NA NA NA
Model Summary Value

Number of Observations (N) 148
McFadden’s R? 0.094
AlIC 243.106
BIC 297.056

Notes: Significance Level = *** 01, ** .05, and * .1
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Table 5.8. Model 5B (Bayesian Ordered Logit): AV Damage Level

Variable Mean(B) | 95% Credible Interval
AV manufacturer
Cruise LLC 0.019 -0.416 0.494
Waymo LLC 0.255 -0.393 0.923
Land use
Residential -0.942 -2.183 0.198
Commercial -1.169 -2.280 -0.126
Recreational -1.190 -1.886 -0.483
Road classification
Freeway/Expressway/Highway | 0.681 | 1,921 | 0.569
Road segment type
Intersection | -0.067 | 0.872 | 0.750
Vehicle movements: (AV, Second Vehicle)
(Stopped, Straight) 0.503 -0.623 1471
(Slowing/Stopping, Straight) -0.119 -1.022 0.693
(Straight, Straight) 0.450 -0.844 1.631
(Straight, Changing Lanes) 1.243 0.262 2.201
(Left, Straight) 2.659 1.639 3.708
x’;‘t’i’r‘]’g’g an AV's yielding or 0.200 -0.447 0.868
Other road users
Involving a transit vehicle 0.961 -0.237 ‘ 2.005

AV driving mode (Base: Pre-crash Conventional — During-crash Conventional)

ieggifggﬁ:ﬁg(;ﬂq?ggventional 0.209 -0.400 0.817
ieggiffgﬁ:l:;cs)hmiﬁgomated 0.284 -0.845 0.222
Crash type (Base: Other)
Rear-End 0.753 -0.127 1.643
Sideswipe 1.617 0.713 2.479
Threshold parameters
U -2.485 -3.669 -1.517
Uy 1.886 0.820 2.899
Model Summary
Number of Observations (N) 148
Prior Distributions N(0, 1000)
DIC 228.601
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Key Interrelationships

As shown in Figure 5.10, this study generated a summary diagram highlighting the most important
interrelationships among pre-crash conditions, AV driving modes, crash types, and crash outcomes.
They are summarized according to the marginal effects of explanatory variables in Models 1, 2A,
3A, 4A, and 5A from the frequentist approach. As summarized in Figure 5.10, “Intersection” is
associated with a higher chance that an AV is in the automated driving mode by 25.8%, given a
crash. Simultaneously, the automated driving mode is correlated with a higher chance of a rear-
end collision by 21.7%, compared to the conventional mode. Given a crash, consequently,
“Intersection” has an indirect impact on the chance of a rear-end collision by 5.6% (=
25.8% x 21.7%) while having a direct impact on the chance of injury by 35.4%. Meanwhile,
“Involving a transit vehicle” is associated with a higher chance of manual disengagement by 30.1%,
given a crash. Ramps or slip lanes are correlated with a higher chance of injury by 35.4%, given a
crash. Furthermore, “Sideswipe collision” is associated with a higher chance that an AV has
moderate or major damage from a crash by 20.9%.

DISCUSSION

Based on the results above, this study derived practical implications concerning the safety of AVs,
which might provide AV developers with helpful feedback on the gaps in automated driving
performance. Now that the AV-involved crash cases represent the failures of the automated driving
system and the current road infrastructure, the influential factors related to AV-involved crashes
identified in this study could be considered in safety assessment scenarios for high-level (Levels
4-5) automation as well as in developing Vehicle to Vehicle (V2V) and Vehicle to Infrastructure
(V2I) technologies to avoid those failures in the future. Furthermore, they will provide
transportation planners and engineers with insights into critical elements to focus on in managing
and operating mixed traffic consisting of AVs and human-driven vehicles.

AV Driving Mode

In accordance with a previous study, this study reveals that AVs tend to become more vulnerable
to rear-end collisions in the automated driving mode than in the conventional mode (/22). This
implies that automated driving performance might have not yet reached a stable state to avoid rear-
end collisions deftly. On the other hand, this study shows that the automated driving mode would
not significantly affect the chance of a sideswipe collision or crash outcomes such as injury and
vehicle damage. This implies that automated driving performance seems to be no better or worse
than human driving regarding sideswipe collisions and crash outcomes.

This study also provides meaningful implications regarding manual disengagement. The
fact that a driver manually disengaged the AV right before a crash implies that the AV might have
failed to hand over its control to the driver when necessary. Thus, those contributing factors related
to manual disengagement could be considered what AVs have difficulty dealing with in their
decision to disengage themselves when facing a crash. Specifically, the analysis results imply that
AV performance would need improvements to better deal with longitudinal distance from the
leading or following vehicle. It is also implied that AV performance would require improvements
to better interact with transit vehicles. Moreover, the results offer the insight that drivers tend to
be readier to manually disengage their AVs, especially on the freeway, expressway, or highway
where speed limits are usually high. Meanwhile, the results imply that drivers prefer to allow their
AVs to be in the automated driving mode at an intersection.
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Crash Types

One of the most critical implications regarding crash types is that AV performance would need
improvements to better deal with the vehicle following them to avoid a rear-end collision,
especially in the automated driving mode. When comparing manual disengagement and the
conventional mode, there is no significant difference in the chance of rear-end collision. This
implies that an AV will be less likely to have a rear-end collision as it hands over its control to the
driver in advance when necessary. When AVs are proceeding straight, they would need to better
interact with those vehicles changing lanes around them. Especially when AVs are yielding to or
waiting for other road users, they might have difficulty dealing with the vehicle following them.

Crash Outcomes

Based on the results, AVs might have a hard time dealing with a variety of distractions from
surroundings in recreational areas. At intersections, AVs usually face different types of elements
to care about, such as road signs, traffic signals, and other vehicles coming from different
directions. This might take AVs more time to respond to unexpected situations. In this regard, AV
performance may need improvements to better deal with many different elements at the same time
at an intersection. Meanwhile, injury crashes are more likely to occur on a ramp or slip lane
probably because ramps and slip lanes are usually curved, which restricts the sight distance of AVs
and allows them a short response time to cope with dangerous situations. This suggests the
importance of road infrastructure improvements for transportation automation. Moreover, AV
performance would need to better interact with other vehicles, especially when they make a left
turn to avoid injury as well as vehicle damage. Furthermore, AV performance may need to be
improved to better detect and interact with pedestrians or bicyclists.

Limitations and Future Research

The sample of AV crashes is from a certain region in the United States, i.e., the State of California.
This means that the results of this study should be interpreted within the contexts of California
rather than being generalized broadly. In addition, since this study only covers AV-involved crashes,
the relationships identified in this study are valid only for those cases where AV crashes occurred
early in their development. This means that the results might not be valid for those cases where
AVs faced a dangerous situation but avoided a crash. Even though this study extracted as much
information as possible from multiple data sources, some variables could still be missing beyond
the dataset, such as the exact vehicle trajectories and how the vehicle speeds had changed before
a crash occurred. Since the sample includes those cases where an AV was struck by another vehicle
and those cases where an AV struck another vehicle, future research may attempt to classify AV-
involved crashes by whether an AV was striking or being struck to obtain more detailed insights.
Given that some relationships identified in this study conflict with previous findings, it will be
meaningful to keep track of those relationships with future crash data to figure out how AV
performance is being enhanced.

CONCLUSION

Testing of AVs is meant to improve their roadway performance and is providing new empirical
evidence about situations requiring safety improvements. To explore their safety performance on
roadways, this study has created and structured a unique and comprehensive dataset of 148 AV
crashes in California from January 2019 to December 2020. With the safe system path-analytic
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framework, the frequentist and Bayesian approaches addressing the sequence of events in AV
crashes, and extracting valuable information from crash narratives, this study has investigated
interrelationships among pre-crash conditions, AV driving modes, crash types, and crash outcomes.
Notably, this study provides a deeper understanding of AV crashes by integrating multiple data
sources. For instance, the impacts of manual disengagement, AVs’ yielding to or waiting for other
road users, and AVs’ interaction with transit vehicles could not have been identified without
extracting additional variables from crash narratives. This new information extracted from crash
narratives reported by AV manufacturers helps identify the manual disengagement and AV
interactions with public transit vehicles in mixed traffic as the issues that need further investigation.
In this regard, this study suggests that AV crash narrative data can be harnessed to improve
knowledge of AV safety in mixed traffic.

The study provides several key insights and practical implications as follows. First, AVs,
especially in the automated driving mode, would need to better deal with longitudinal distance
from the leading or following vehicle on the road. Particularly, the positive relationship between
manual disengagement and AVs’ interaction with another vehicle proceeding straight implies a
potential disparity between the safe distance calculated by the automated driving system and the
distance drivers feel safe about. In this regard, it would be desirable to refine the way the automated
driving system operates to more naturalistic driving. When AVs yield to other road users, they
would need to better detect and warn drivers of the following vehicle approaching from behind to
avoid a rear-end collision. Given that AVs may have few options for crash avoidance when they
yield to other road users, it may be helpful to explore how equipping human-driven vehicles with
(after-market) automation features such as forward collision warning systems to reduce rear-end
collisions, which has been suggested by a previous study (//6). Fundamentally, the connection
among vehicles on the roads with V2V communication would be a long-term solution for this issue.
To reduce injury crashes, AVs would need more thorough testing to adapt to the critical roadway
and infrastructure features such as intersections, ramps, and slip lanes, while roadway
infrastructure would require improvements to support transportation automation.

Those risk factors of AV-involved crashes identified in this study can be included in safety
assessment scenarios for more efficient and reasonable testing for high-level (Levels 4-5)
automation. They can also be considered in developing Vehicle to Vehicle (V2V) and Vehicle to
Infrastructure (V2I) technologies. Furthermore, the implications derived from this study might
give transportation planners and engineers valuable insights into what aspects they may need to
take care of in managing and operating mixed traffic with AVs and human-driven vehicles.
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Chapter 6. Overall Conclusion
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Aiming to provide new knowledge and deep insights regarding the readiness for transportation
electrification and automation in terms of safety and future adoption, the dissertation investigated
how different types of travelers are going to embrace EV and AV technologies in the future and
what specific safety-related challenges the automated driving systems are facing. As a case study
of California, Chapter 2 performed a systematic analysis on how individuals become inclined to
use AV-based travel options as well as adopt AFVs including EVs. For this, an “AV inclination
index” was developed to quantify individual inclination toward AV-based travel options integrating
owning an AV, using AV ride-hailing services, and using SAV ride-hailing services. Importantly,
this chapter examined how those people with the experience in owning or leasing an AFV had
different inclination toward AV-based travel options from those people without the AFV
experience while taking unobserved heterogeneity into account. Considering that the commercial
sector has the potential to adopt a considerable amount of EVs in the future, Chapter 3 explored
whether and to what extent commercial light-duty fleet owners would be willing to adopt different
types of EVs such as PHEVs, BEVs, and FCEVs. Within a context of California, this chapter
identified the critical barriers to EV adoption by commercial light-duty fleet owners and the
opportunities for EV diffusion in the commercial sector. Paying attention to early adopters’
experiences and perspectives, Chapter 4 investigated the satisfaction of BEV owners and their
willingness to repurchase a BEV in the future. Within a context of Jeju, South Korea, this chapter
captured the critical barriers to BEV re-adoption by BEV owners and the opportunities for BEV
diffusion. Given that the perceived safety of AVs is one of the key factors associated with
individual willingness to use AVs in the future, Chapter S performed an exhaustive analysis on
crashes involving Levels 2-3 AVs tested on public roads in California to provide a better
understanding of AV safety performance (10-13). This chapter showed a big clear picture with
key interrelationships among pre-crash conditions, AV driving modes, crash types, and crash
outcomes, which provides practical implications for AV safety assessment, roadway infrastructure
improvements, and the management and operation of mixed traffic.

As summarized in Table 6.1, the dissertation provides the vehicle and transportation
industries, engineers, planners, and policymakers with key implications for transportation
electrification and automation. The implications have been derived directly based on the findings
from each chapter to avoid a logical leap. The key implications are as follows.

e The diffusion of AFVs and AV-based travel options can be disproportionate generating
disparities among travelers depending on the level of exposure to shared travel modes in
their local area. Especially, the diffusion of AV-based travel options can be
disproportionate among travelers depending on whether a person has owned or leased an
AFV and whether a person uses shared ride-hailing services. That is, those people with
high exposure to shared travel modes or AFVs are more likely to choose AV-based travel
options in the future. On the other hand, those people with low exposure to them are less
likely to choose AV-based travel options. For a smooth transition to transportation
electrification and automation, in this regard, planners and policymakers should be
prepared for potential variations in the demand for electrified and/or automated travel
modes in the future by taking the aforementioned relationships into account.

e AV-based travel options could attract part of the travel demand of those who are not using
carsharing available in the local area, which might impact mode-choice behavior.
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EV adoptions by commercial light-duty fleet owners can be facilitated by lowering the
barriers, including the limited hauling capacity of PHEVS, limited range of BEVs, and cost
of installing fueling equipment for FCEVs, as well as by collaborating with the “healthcare
and social assistance,” “transportation and warehousing,” and “professional, scientific, and
technical services” industries.

BEV re-adoptions can be supported by low-level vehicle automation, given that having
BEVs equipped with automation features such as the collision warning system would
support BEV re-adoptions in the future by making current BEV owners more satisfied.
BEV re-adoptions could be supported by providing real-time information for BEV users.
The automated driving system requires improvements in dealing with the longitudinal
distance from the leading or following vehicle while reducing a potential discrepancy
between the safe distance that the automated driving system can deal with and the distance
that human drivers feel safe about.

AVs need more thorough testing to adapt to critical roadway and infrastructure features
including intersections, ramps, and slip lanes. At the same time, this issue recommends that
engineers, planners, and policymakers be aware that transportation automation can be
supported by improving current roadway infrastructure such as intersections, ramps, and
slip lanes.

For more efficient and reasonable testing for high-level (Levels 4-5) automation, safety
assessment scenarios can include the risk factors identified in this study such as interaction
with transit vehicles, yielding to or waiting for other road users, dealing with longitudinal
distance from other vehicles, and operating at intersections, ramps, and slip lanes. These
factors can also be considered in managing and operating mixed traffic with AVs and
human-driven vehicles as well as in developing Vehicle to Vehicle (V2V) and Vehicle to
Infrastructure (V2I) technologies.

AV crash narrative data can be harnessed to improve knowledge of AV safety in mixed
traffic.

Since the dissertation is composed of case studies, its results, interpretations, findings, and
implications should be understood within the context of the specific region corresponding to each
case study. To be specific, each chapter should be understood by the reader within the following
contexts.

Chapter 2 should be interpreted by the reader within the context of residents aged 18 or
more in California. The survey sample is well representative of the general population of
California in terms of residency by county and annual household income, although it
somewhat under-represents low-income people and over-represents older adults.

Chapter 3 should be interpreted within the context of owners of light-duty commercial
vehicles weighing less than 10,000 pounds throughout California. The locational
distribution of the sample is highly proportional to the population of each county.

112



Table 6.1 Summary of Implications

Sector

Key implications

Electrification

Automation

Vehicle and
transportation
industries

BEV re-adoptions can be supported by low-I

evel vehicle automation.

An opportunity to have synergetic
connections with the “healthcare and social
assistance,” “transportation and
warehousing,” and “professional, scientific,
and technical services” industries

EV adoptions by commercial light-duty
fleet owners can be accelerated by lowering
critical barriers (i.e., the limited hauling
capacity of PHEVs, limited range of BEVs,
and cost of installing fueling equipment for
FCEVs).

BEV re-adoptions can be supported by
making it easier to charge BEVs.

EV diffusion would be highly dependent on
the accessibility of charging infrastructure.

Safety assessment scenarios for high-level
automation can include the risk factors
identified in this study (e.g., interaction
with  transit  vehicles, dealing with
longitudinal distance from other vehicles,
operating at intersections, ramps, and slip
lanes).

A potential disparity between the safe
distance of AVs and that of human drivers
— AVs need to operate in a more
naturalistic way.

AVs need more thorough testing to adapt to
critical roadway and infrastructure features
(i.e., intersections, ramps, and slip lanes).

The connection among vehicles on the road
would help reduce rear-end crashes.

Engineers

BEV re-adoptions could be supported by
making it easier to charge BEVs.

Transportation  automation can  be
supported by improving current roadway
infrastructure (e.g., intersections, ramps,
and slip lanes).

Planners

Part of those people with AFV experience would be more inclined to use AV-based travel
options, which might generate variations in the demand for AV-based travel options.

The diffusion of AFVs and AV-based travel

options can have disparities among travelers

with different levels of exposure to shared travel modes by region.

EV diffusion would be highly dependent on
the accessibility of charging infrastructure.

BEV re-adoptions could be supported by
providing real-time information for BEV
users.

AV-based travel options would attract part
of the travel demand of those who are not
using carsharing available, which might
impact mode-choice behavior.

Transportation ~ automation can  be
supported by improving current roadway
infrastructure (e.g., intersections, ramps,
and slip lanes).

Policymakers

The diffusion of AFVs and AV-based travel

options can have disparities among travelers

with different levels of exposure to shared travel modes by region.

BEV re-adoptions could be supported by
providing real-time information for BEV
users.

EV diffusion would be highly dependent on
the accessibility of charging infrastructure.

Transportation  automation can  be
supported by improving current roadway
infrastructure (e.g., intersections, ramps,
and slip lanes).

AV crash narrative data can be harnessed to
improve knowledge of AV safety in mixed
traffic.
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e Chapter 4 should be interpreted within the context of BEV owners in Jeju, South Korea.
The survey sample does not represent the general population of Jeju, South Korea given
that the average monthly household income, the proportion of middle-aged people, and the
proportion of males are higher compared to the general population of the region. This
demonstrates that BEV owners are a distinctive group of people that deserve an in-depth
investigation.

e Chapter 5 should be interpreted within the context of crashes involving levels 2-3 AVs on
the public roads in the state of California.

For future research, more case studies in other regions and countries can be performed with
individuals, commercial fleet owners, and AV-involved crashes to obtain evidence and findings
that can be generalized to a larger population in the world. In addition, the impacts of key factors
on the willingness to embrace EV and AV technologies and AV-involved crashes can be updated
by investigating newly generated data in the future. Especially, after levels 4-5 AVs are available
and adopted by travelers to a certain degree, it will be valuable to investigate how individuals’
proclivity toward or actual use of AV-based travel options affects their EV adoptions. Considering
that the dissertation is based on the evidence from the very early stage of transportation
electrification and automation, even before high-level AVs are available in the market, future
studies might need to be conducted with the evidence from the middle or late stages of
transportation electrification and automation in the future to provide insights into how to keep
improving the surface transportation system.
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