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ABSTRACT 

Transportation Engineers and Planners are working towards improving transportation safety by 

researching Connected and Automated vehicles (CAV), which are anticipated to address human 

error factors in crash studies. This dissertation investigates various safety features of CAVs such 

as Enhanced Pedestrian in Crossing Warning (EPCW), Enhanced Vehicle Turning Right in Front 

of Bus Warning (EVTRW), Advanced Driver-Assistance Systems (ADAS), and Autopilot feature 

to understand their performance at this early stage of deployment which can be insightful for CAV 

researchers. The two research questions addressed in this dissertation are 1) how can the data from 

CAVs be utilized to increase transit, pedestrian, motor vehicle, and infrastructure safety; and 2) 

how can the data from CAVs be utilized to understand their readiness and effectiveness. Due to 

the limitation of publicly available CAV data, knowledge about their safety performances is 

limited. This dissertation attempts to address a segment of this gap. First, the safety features of 

connected buses are studied to determine the association between pedestrian and bus-based alerts 

with crashes that can aid the safety of vulnerable road users (VRUs), transit buses, and 

intersections. A literature review of Automated shuttles follows this to identify the potential 

locations of AV shuttle deployment at an early stage. Later, the safety features of AVs are studied 

by comparing lower-level automated vehicles to understand which AVs perform better in terms of 

safety at different road types, weather and lighting conditions, and driver behaviors. Various data 

science, spatial, and frequentist techniques including panel poisson regression model to address 

heterogeneity, ordered logistic regression model, binary logistic regression model, text analysis, 

hazardous location identification method in GIS, and novel safety surrogate measures (SSM), are 

utilized to conduct the analysis. Finally, research implications and future works are discussed to 

understand these emerging vehicles comprehensively. Long term scientific value of this 

dissertation is that it harnesses big data from cutting-edge intelligent transportation systems and 

infrastructures and integrates them with conventional crash data to perform analysis that can aid 

in advancing multimodal safety. The dissertation will be helpful for city planners, policymakers, 

civil engineers, designers, and researchers working towards achieving Vision Zero goals. 
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CHAPTER 1. INTRODUCTION 
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People need to travel for various needs almost daily, and these inevitable trips can become fatal 

due to human error, vehicle error, faulty infrastructure, the environment, and bad weather. In these 

hazardous conditions, along with the drivers and passengers of the vehicles, vulnerable road users 

like pedestrians are also at high risk. While some issues are unavoidable, scientists are working to 

eradicate human error by developing connectivity and automation technology in the big picture. 

Connected Vehicles (CV) use vehicle-to-vehicle (V2V) or vehicle-to-infrastructure (V2I) 

technology to exchange Basic Safety Messages (BSM) between each other and infrastructures to 

alert drivers to ensure the safety of vehicles and road users. On the other hand, automated vehicles 

use Lidar, Radar, and cameras to acquire images of their surroundings and use their artificial 

intelligence-based algorithms to enable various automation features to ensure safety. The 

emergence of these technologies has brought a ray of hope for carefree and safe traveling 

opportunities. But before fully deploying connected and automated vehicles (CAV), these 

technologies need to be evaluated and improved to yield the best possible benefit they can offer.  

Although numerous CAV pilot projects are occurring, almost all focus on automobiles. 

Simultaneously, there are very few applications of connectivity and automation in alternative 

modes like public transit buses. Whereas 11.5% of workers in the largest cities of US metro areas 

and 5% of all workers in the US choose transit to commute to work every day (1), transit is not a 

vehicle that can be ignored in any safety analysis. Existing literature lacks investigation of V2V 

and V2I technologies’ utility in transit buses. Automation has not been applied to large transit 

buses, but it is being tested in some automated shuttles, which are smaller versions of these large 

transit buses. Therefore, the application of connectivity and automation should also be studied for 

transit buses to ensure safety. For now, automation features in automobile needs more rigorous 

analysis, which can later help in its application in other modes like transit buses. Hence, this 

dissertation focuses on large-scale data on connectivity and automation technology in transit buses 

and automobiles. Through rigorous analytical methods, this dissertation demonstrates how V2V, 

V2I, and various automation safety features can be utilized to advance multimodal safety.  

Chapter 2 utilizes data from the “Enhanced Transit Safety Retrofit Package (E-TRP)” project, 

which contains big data on Basic Safety Message (BSM) and Alerts generated in 24 Connected 

transit buses in Cuyahoga County, Cleveland, Ohio. This publicly available data is combined with 

five years of transit-involved crashes to explore two safety features of connectivity technology: 

Enhanced Pedestrian in Crossing Warning (EPCW) and Enhanced Vehicle Turning Right in Front 

of Bus Warning (EVTRW). Association between pedestrian and bus-based alerts and historic crash 

locations is analyzed only for areas where at least one alert is generated using Panel Poisson 

Regression and hotspot analysis. The Panel model helps to control unobserved variables and 

understand individual heterogeneity. This study contributes a framework for harnessing and 

utilizing unique data from Connected Vehicles to gain critical knowledge on pedestrians and transit 

safety that provides long-term scientific value. The results and implications are discussed to 

illustrate the potential of basic safety messages and alerts to predict crash-prone hazardous 

locations.  

Chapter 3 uses only the Enhanced Pedestrian in Crossing Warning (EPCW) portion of the 

“Enhanced Transit Safety Retrofit Package (E-TRP)” project that have been generated at three 

different intersections of Cuyahoga County, Cleveland, Ohio. The study observes the pattern of 

different types of EPCW alerts at a Signalized, an unsignalized, and a midblock intersection. Safety 

surrogate measures and the radius of the alerts from each intersection are measured. Land use and 

timeseries heatmaps are produced to understand EPCW’s pattern better. The results and 
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implications are discussed to realize the potential of EPCW alerts to improve pedestrian safety at 

intersections.  

Chapter 4 synthesizes the state of the practice of automated shuttle pilot projects in the US. The 

case study method identifies shuttle deployment patterns by studying ongoing and completed 

projects open to the broader public since 2016, as the deployment of automated shuttle pilot 

projects began in 2016 in the United States. The pilot projects are identified manually from online 

news articles and websites. The case studies are synthesized along three dimensions: locations, 

service characteristics, and stakeholders. The results will assist cities that are considering future 

deployments of automated shuttles in their locality. 

Chapter 5 uses Crash Data of ADAS-equipped AVs in the US from the National Highway Traffic 

Safety Administration (NHTSA) database. The Advanced Driver Assistance Systems (ADAS) 

studied in this paper include Adaptive Cruise Control (ACC) and Lane Keep Assist (LKA) 

systems. This study provides an in-depth understanding of driver behavior, roadway, and vehicle 

features' role in the crash severity of ADAS-equipped AVs. An Ordered Logistic Regression 

model, which uses a proportional odds assumption, is applied to observe their relationship. Next, 

AV crashes on highway/freeways and non-highway locations are compared to get valuable 

insights.  

Chapter 6 uses Fatal crashes of Tesla cars that have happened in the US since its deployment. 

One of the safety features of Tesla’s automation technology, Autopilot Engagement, and human 

behaviors are studied for these fatal crashes. The study provides a deeper understanding of the role 

of driver behavior, roadway and vehicular features, and automation features in automated cars, 

considering Tesla as an example. Somers’ D statistics and a Binary Logistic Regression model are 

used to investigate the association between Tesla driver survivability and other independent 

variables.  

In summary, the dissertation's main contribution is exploration of the association of various 

Advanced Driver Assistance Systems (ADAS) in terms of safety features at different levels in 

Connected and Automated Vehicles by harnessing big data generated under-real world conditions. 

The research integrates unstructured raw data on V2V and V2I communication technology from 

connected vehicles with geometric features of the roads, driver behavior, and crash data to develop 

unique and insightful datasets about transit, pedestrian, and automobile safety. The analyses show 

that real-world crashes, crash severity, safety warnings, and performance of safety features can 

help predict hazardous locations and conditions that can assist drivers from potential crashes. The 

research is conducted at three levels: The microscopic level (probability of crash severity), 

mesoscopic (intersection), and macro level (crashes at road network). The research shows how 

alerts like EPCW and EVTRW exchanged via V2V and V2I can be utilized for the safety 

improvement of transit buses and pedestrians. The research observes and identifies locations where 

the automated shuttles can be deployed immediately. The research also examines the ADAS and 

autopilot features in lower-level automated vehicles to understand the association between 

automation features and crashes.  
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It is expected that under this dissertation, five chapters in reputed transportation journals be 

published: 

Haque, A.M., Arvin, R., Khattak, A.J. (2022) Enhancing the Safety of Transit Users and 

Pedestrians in Urban Areas: The Role of Connected Vehicles and Smart Infrastructure to 

Proactively Identify High-Risk Hazardous Locations.  

• Under preparation for submitting to Accident Analysis and Prevention Journal 

Haque, A.M., Khattak, A.J. (2022). Evaluating Pedestrian Safety in Bus-Pedestrian 

Interactions with the Application of Enhanced Pedestrian Collision Warning Systems: 

Analysis of Large-Scale Basic Safety Message Data. 

• Under review in Transportation Research Record 

• Peer-reviewed conference paper: Presented in the Transportation Research Board 101st 

Annual Meeting in 2022 

Haque, A.M., Brakewood, C. A Synthesis and Comparison of American Automated Shuttle 

Pilot Projects 

• Published journal article: Case Studies on Transport Policy 

• Peer-reviewed conference paper: Presented in the Transportation Research Board 98th 

Annual Meeting in 2019 

Haque, A.M., Mahdinia, I., Safaitaherkhani, M., Khattak, A.J. Investigating Crashes 

Involving Advanced Driver Assistance Systems (ADAS) equipped Automated Vehicles - The 

Role of Automation 

• Under preparation for submitting to Transportation Research Part - C 

Haque, A.M., Ahmad, N., King, M., Khattak, A.J. Understanding the Survivability from 

Media-Reported Automated Vehicle-Involved Fatal Crashes: A Case Study of Tesla-

Involved Fatal Crashes 

• Under preparation for submitting to the Journal of Transportation Safety and Security 

This research is important because it will assist the development of transportation systems in smart 

cities. Knowledge gained from this dissertation can assist policymakers in decision-making 

regarding deploying these emerging technologies and improving the safety of vulnerable road 

users. Methodological frameworks and a novel safety surrogate measure introduced in this 

dissertation would expand the knowledge body of CAVs, assisting researchers investigating these 

technologies.  Furthermore, the results of this study can help agencies and manufacturers of these 

technologies in improving the safety features’ performances. The overall framework of the study 

and the outline of the proposal are shown in Figure 1.1 and Figure 1.2, respectively.

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=lFTU3gMAAAAJ&citation_for_view=lFTU3gMAAAAJ:2osOgNQ5qMEC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=lFTU3gMAAAAJ&citation_for_view=lFTU3gMAAAAJ:2osOgNQ5qMEC
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Figure 1.1. Conceptual Framework of the Study 
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Figure 1.2. Outline of the Dissertation
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CHAPTER 2. ENHANCING THE SAFETY OF TRANSIT USERS AND 

PEDESTRIANS IN URBAN AREAS: THE ROLE OF CONNECTED 

VEHICLES AND SMART INFRASTRUCTURE TO PROACTIVELY 

IDENTIFY HIGH-RISK HAZARDOUS LOCATIONS 
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Abstract 

With automation and connectivity technologies, new possibilities are emerging for improving the 

safety of all road users, including the safety of alternative travel modes and vulnerable road users, 

in line with vision zero plans. This study explores the safety of transit users, especially focusing 

on interactions and crashes with vulnerable pedestrians. This study uses large-scale smart 

infrastructure and vehicle communication data for novel applications in personal and transit 

vehicles from recently deployed connected buses in the US. Smart vehicle and infrastructure 

technologies can improve public transit safety, e.g., by detecting pedestrians to enhance the safety 

of all road users in the future. The study analyzes Basic Safety Message (BSM) and alerts to help 

bus drivers avoid crashes, including crashes with pedestrians. This study aims to enhance transit 

safety by exploring two Advanced Driver Assistance Systems: Enhanced Pedestrian in Crossing 

Warning (EPCW) and Vehicle Turning Right in Front of Bus Warning (EVTRW). A publicly 

available five months of BSM data and alerts received by 24 connected buses, local crash statistics, 

and geometric features of the roads in Cuyahoga County, Ohio, are used for the analysis. The study 

area is divided into a grid network. Four speed volatility measures that quantify variations in 

driving behavior are calculated. Datasets are developed based on EPCW and EVTRW alerts. Panel 

Poisson regression models suggest that a 1% increase in EPCW alerts is associated with a 0.239% 

reduction in bus-involved crashes and a 1% increase in bus-driving volatility correlates with a 

0.041 unit increase in the average number of bus-involved crashes if all else remains equal. 

Hazardous location identification maps show that alerts help identify high-risk hazardous locations 

for bus-involved crashes. EPCW systems can clearly reduce bus crashes with pedestrians. The 

analysis provides support for policymaker decisions about the value of smart infrastructure, transit-

based CV technologies, and vulnerable road user safety.  

Introduction 

Automation and connectivity technologies are increasingly diffusing through the personal vehicle 

market and are potentially substantial contributors to the vision zero goal. However, their use for 

alternative modes and vulnerable road users is limited. New possibilities are emerging for 

improving the safety of transit users and vulnerable road users, including pedestrians. This study 

aims to enhance transit safety by exploring the role of two advanced driver assistance systems 

(ADAS) - the Enhanced Pedestrian in Crossing Warning (EPCW) and Vehicle Turning Right in 

Front of Bus Warning (EVTRW). These are based on smart vehicle and infrastructure technologies 

that can benefit public transit and detect pedestrians to enhance safety for all road users in the 

future.  

Connected Vehicle’s (CV) Basic Safety Message (BSM) data are state-of-the-art technology that 

many American cities are recently testing to examine their potential for helping avoid collisions 

or crashes. According to Federal Highway Administration (FHWA), BSMs are the “minimum 

transmitted data package exchanged between CVs which include information about the vehicle’s 

current location, speed, heading, acceleration, braking status, and vehicle size” (2). CV’s BSM 

data can be used to understand contributing factors in crashes that can directly impact safety. 

Recent research on road safety and contributing factors to crashes has started using BSMs and alert 

messages received by CVs in various pilot projects. Due to the high confidentiality of CV projects, 

these data are not disclosed publicly and the research on them is limited. Among the few conducted 

studies, the focus have been on all vehicles or cars, but not on public transport like buses. 
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Generally, the number of cars is much higher than the number of buses on any route in US cities. 

However, the number of passengers carried by bus is much higher than the number of passengers 

carried by car. Hence, fatal bus-involved crashes cause more casualties than fatal car crashes. 

Therefore, measures for bus crash reduction are vital. 

Deployment of connected buses allows researchers to investigate the potential of BSMs and alerts 

to help develop bus crash countermeasures. This research hypothesizes that alerts and BSM data 

can help identify high-risk hazardous locations for bus-involved crashes. This study aims to 

enhance transit safety based on which the objectives are formulated. The objectives of this study 

are: 1) To develop a framework for extracting useful information from connected bus pilot projects 

(BSMs and alerts) and bus-involved crash data; 2) To investigate associations between alert 

locations and bus-involved crash locations in a road network; 3) To develop a random-effect Panel 

Poisson Regression model to consider spatial and temporal effect in the CV alerts and crash data.  

Initially, hazardous locations for bus-involved crashes are identified using ArcGIS. Five years of 

bus crash statistics are used to create a layer of hazardous and non-hazardous locations. This layer 

is overlaid with the location of alerts received by CVs to see whether the alerts also appear in those 

crash-prone locations or not. Later, a Panel Poisson regression model is used to identify if the 

number of bus-involved crashes changes with changes in alerts at different times for specific 

locations.   

The intellectual merit and contribution of this study are broad. The study harnesses publicly 

available big data on connected transit buses to explore the safety benefits of two ADAS, EPCW 

and EVTRW. These are emerging technologies that have the potential to be adopted in the future. 

The study develops a framework for combining big data with data from other sources (four 

different sources) to develop a master database for safety studies that future researchers can follow. 

BSMs, EPCW alerts, and EVTRW alerts are unique, and they are structured to gain critical 

knowledge on pedestrians and transit safety that provides long-term scientific value. Historic crash 

statistics are used to identify real-world hazardous locations for bus-involved crashes. The study 

highlights the impact of CV technology on transit and pedestrian safety.  

Literature Review 

This literature review provides an overview of recent studies on three topics relevant to transit bus 

safety: 1) Analysis of Basic Safety Message data as a tool to reduce bus-involved crashes; 2) 

Frequency and types of transit bus-involved crashes; 3) Analysis of hazardous locations for transit 

buses. By synthesizing these three separate areas of study, this review will highlight opportunities 

for new research to improve transit bus safety.  

Prior Research on Basic Safety Messages 

Road users are considered the main contributors to all types of crashes. Transportation experts 

have started taking the initiative to control human factors indirectly by introducing connectivity 

and automation in vehicles and roadway infrastructure. Recently, transportation agencies have 

been testing automation and connectivity in various environmental conditions. Connectivity is part 

of the Intelligent Transportation System (ITS), where BSMs are shared between vehicles and 

infrastructures to avoid potential crashes. Instantaneous driving behavior, maneuvers, trajectory, 

individual origin and destination, and traffic data can be acquired from the connected vehicles (3). 
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A handful of studies have been conducted to explore the relationship between crash frequencies 

and drivers’ volatile behavior or volatility (4-7).  

Because untreated or raw BSM data are complex to understand, data analytics methods should be 

used to extract critical information from them (4). When longitudinal accelerations are used to find 

drivers’ volatility’s effect on crash frequency, braking shows substantial volatility (5). One study 

showed that with a one percent increase in volatility at intersections, crash frequencies could 

increase by 1.25%, 0.25%, and 0.35% for acceleration/deceleration, passing level volatility 

captured through coefficient of variation of speed, and mean absolute deviance of vehicular jerk 

respectively (6). Although various measures derive driving volatility, none have used lateral swipe 

crash or crash severity to measure volatility (7). Intersections with high variations in the 

longitudinal movement are prone to higher rear-end crashes, and intersections with lateral 

volatility have a higher risk of a head-on collision (3). These studies were conducted using overall 

crash data. However, they did not specify how the results could be generalized for transit bus-

related crashes.  

In a step towards the future of public transit, many cities and transit agencies introduced the “Smart 

Bus.” These transit buses use the Internet of Things (IoT) technology to exchange information 

between buses and waiting passengers’ smartphones. The information may include real-time 

location information, arrival time, waiting time, and passenger count of buses (8; 9). The Smart 

Buses are equipped with GPS devices to track their positions and share this information with a 

central server periodically from where the location information of the transit buses is accessed and 

displayed on the computer screens of the bus stops and smartphone apps of the passengers (10; 

11). USDOT’s ITS Architecture website reports several service packages related to public transit 

buses that generate and use BSM data. Among those packages, the “Transit Pedestrian Indication,” 

“Transit Vehicle at Station/Stop Warnings,” and “Vehicle Turning Right in Front of a Transit 

Vehicle” package involves the exchange of BSMs between onboard equipment (OBE)’s of 

connected transit and other CVs, roadside units (RSU), and pedestrians with connected personal 

information devices. Besides BSMs, there is also an exchange of other information like vehicle 

location in three dimensions, motion information with other vehicles in the vicinity, transit 

vehicle’s route and stops, and location of the pedestrian wearing the personal information device. 

Other interesting service packages involve exchanging information with the Transit Management 

Center, Traffic Management Center, RSUs, and other CVs for improved mobility and ridership. 

For instance, the “transit signal priority” package uses V2I communications to access one or a 

series of intersections to save time spent at the red light. The “transit vehicle tracking package” 

monitors transit buses’ location via an automated vehicle location system to update the transit 

system’s schedule in real-time. The “transit passenger counting package” uses sensors to count the 

number of passengers entering and exiting the buses, which gives an idea of ridership and 

passenger load at bus stops. The “transit fare collection management” package uses traveler fare 

cards or electronic devices like smartphones to collect transit fare passengers either from onboard 

or infrastructures. The “transit traveler information” package enables travelers to have access to 

transit information like real-time transit schedules, stop annunciation, display of arrival signs, and 

transit trip itineraries. Information from these packages can be used for expanding ITS-based 

transit safety analysis (12). 

Despite all these efforts, research on transit-based ITS is limited. In 2018, FTA published the 

“Strategic Transit Automation Research Plan,” which summarizes transit-based service packages 

and their use cases from the perspective of SAE automation levels. It is observed from Figure 2.1 
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that the “Transit Bus Advanced Driver Assistance System” uses automation of SAE levels 1 and 

2 to increase the safety of bus operations (13). 

Recently, FTA conducted another research report on a pilot project undertaken in an urban bus 

operational safety platform in Cuyahoga county. It was reported that over the time of six months 

study period, connected bus drivers’ response to Pedestrian in Crossing Warning (PCW) situations 

increased by 16% and average drivers’ reaction time to PCW warning situations decreased by 18% 

(14). This chapter will expand on the data of this research.  

Prior Research on Transit Bus-involved crashes 

Transit buses mostly ride on designated routes at a decent speed, yet they fall into many road 

accidents and crashes. Buses are typically large and have many blind spots, which increases the 

chances of a crash (15). According to the United States Department of Transportation’s (USDOT) 

Commercial Motor vehicle-related crash report, 12% of the fatal crashes in 2016 involved 

exclusively large trucks and buses. It also reported that 51% of fatal crashes involved at least one 

large truck or transit bus and 50% of the fatalities resulted from the involvement of at least one 

large truck or bus (16). Existing research on transit bus-involved crashes has focused on identifying 

factors (driver, vehicle, or environment) responsible for the crashes, examining the characteristics 

of bus-involved crashes, and the impacts of several traffic measures on bus-involved crashes. The 

studies report that transit buses can be unsafe and are more prone to sideswipe crashes than rear-

end crashes (17). However, the probability of bus-involved crash frequency is lower in bus priority 

lanes as they are located in the slowest traffic lane (18). Various statistical regression models like 

Poisson, Negative Binomial, Pearson, Linear, and Logistic models have been used to understand 

the relationship between bus-involved crash frequency and causal factors of the crashes (19). 

Machine learning techniques like Neural Networking and Random Forest can also be used to 

acquire better results. The biggest challenge is data in this kind of analysis, and Intelligent 

Transportation System (ITS) is a good source of data useful for transit safety (20). Transit officials 

aim to reduce bus-involved crashes by addressing all aspects within their control. Transit experts 

cannot control drivers’ behavior. However, by identifying hazardous crash locations, they can 

allocate resources for improving road conditions as countermeasures for crash risks. 

Prior Research on Hazardous locations 

High-frequency crash locations that are deemed to be hazardous are identified using crash 

locations and road design information. One study has defined high-risk crash locations as locations 

having a higher number of crashes than other similar locations considering local risk factors (21). 

High-risk crash locations are also known as hazardous road locations, accident-prone locations, 

and black spots. Some researchers have defined them as priority investigation locations (22) and 

the priority is given based on crash patterns, contributing factors, and countermeasures as the first 

step of the highway safety management process (23). High-risk crash locations are statistically 

analyzed using a negative binomial regression model with the help of crash frequency data. This 

modeling technique has been used by many researchers (24-28). Lately, the Empirical Bayes 

estimate (EB) of the total crash frequency method has been found to better identify high-risk crash 

locations (22). Recently, depth functions in multivariate depth-based Full Bayes is found to be a 

superior method for such analysis compared to other analogous methods. All these studies used 

crash statistics based on cars, and none of them used crash statistics of transit buses. Therefore, 

specific research on bus-involved crashes should be undertaken to improve their safety. 
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This literature review identifies opportunities to improve transit bus safety. For instance, 

identifying hazardous locations proactively for transit buses has not been explored to the best of 

the authors’ knowledge. Transit bus-related crash analysis is also rather limited in the literature, 

and it is still unknown whether connectivity is helping reduce the number of bus-involved crashes 

or not, specifically in hazardous locations. Hence, attention should be given to these gaps to 

improve transit bus safety.  

Methodology 

The methodological framework of this study is shown in Figure 2.2. Data collection involved 

acquiring BSMs, alerts, crashes, and geographic information about the study area. As this paper 

involves the analysis of big data, R studio, STATA, and ArcGIS software are used for data mining 

and hazardous location analysis. The steps of the research are explained sequentially in the 

following section. 

Data 

Four types of data are used for this research: Alerts received by connected buses, BSM data of 

those connected transit buses, crash data, and geographic information of the road network. The 

data are described briefly in this section. 

The alerts and BSM dataset are from the “Enhanced Transit Safety Retrofit Package (E-TRP)” 

project and the project data package is collected from the USDOT’s ITS Joint Program Office’s 

Website (29). The project is from Cuyahoga County, Cleveland, Ohio. From February to August 

2018, the buses collected 239,453 BSM alerts. Cutting-edge technological equipment is used in a 

transit environment to test the impact of connectivity on pedestrian and transit safety. There are 

three key technologies used for this unique dataset. First, a Dedicated Short Range 

Communications (DSRC) system is used for both vehicle-to-vehicle (V2V) and vehicle-to-

infrastructure (V2I) communication. Second, a High-precision Global Navigation Satellite System 

(GNSS) is used for tracking connected vehicles. Third, Forward-Looking Infrared (FLIR) cameras 

are used for detecting pedestrians. E-TRP features are installed on 24 transit buses and three 

intersections. These buses are from Greater Cleveland Regional Transit Authority (GCRTA) and 

they are of different makes and models. Equipment installed on the transit buses is termed onboard 

(OBUs) transit vehicle-based subsystems as shown in Figure 2.3. Equipment installed at the 

pedestrian crossings is termed infrastructure-based subsystems (Roadside Equipment – RSUs), as 

shown in Figure 2.4 (14).  
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Figure 2.1. Technology packages relevant to transit buses. 

Source: US Department of Transportation (13) 
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Figure 2.2. Methodological Framework. 

 

 

 

 

 

 

 

 

 

 



 

15 

 

Two CV applications are used: EPCW and EVTRW. 

“EPCW is a V2I application that alerts the driver of the connected bus about pedestrians whenever 

a pedestrian enters or is in an E-TRP equipped crosswalk or is in a curbside of the potential path 

of that connected bus. This application generates three types of alerts (AppMessage Type): 

1)“Info” - When the bus enters, is inside, or exits the geofenced area; 2)“InformAlert”-When a 

pedestrian is on the curb in the potential path of the connected bus; 3)“WarnAlert” – When 

pedestrians are in the crosswalk in the path of the bus. “InformAlert” and “WarnAlert” are 

generated only when the traffic signal red light does not protect the pedestrian. EPCW application 

also obtains information about the position (lat/long), timestamp, heading, speed, and elevation 

information of the connected buses. Geometric intersection information is received as Map Data 

Message (MAP). Signal Phase and Timing (SPaT Message) and status of crosswalks (pedestrians 

detected and zones affected) are received from the roadside infrastructure DSRC broadcast. 

Vehicle information like turn signal status information is also obtained.” (14) 

“EVTRW is a V2V application that alerts the driver of the connected bus whenever a CV, in this 

case, a connected bus, tries to make an illegal right turn in front of another connected bus that is 

departing from a near-side bus stop. This application also generates three types of alerts. However, 

“Info” is generated when the door of the connected bus is open and then closed when it is at the 

bus stop. “InformAlert” is generated when a connected bus moves from behind to beside the 

connected bus; “WarnAlert” is generated when the other connected bus starts to turn right in front 

of the connected bus. “InformAlert” and “WarnAlert” are generated only when the doors of the 

connected bus open and close in a cycle and the bus is in the forward gear without the foot brake 

applied. EVTRW obtains similar position and time information to the EPCW application. This 

application also obtains vehicle information like door status, gear position, and brake status (14).” 

An example of an EPCW “WarnAlert” and EVTRW “InformAlert” are shown in Figure 2.5 and 

Figure 2.6. 

The E-TRP package has seven dataset files, among which only Alert and BSM files are used in 

this study. All the datasets used in developing the master data of this study are described below: 

Alert Dataset 

This dataset contains the EventCode Type, AppMessage Type, and timestamp of those alerts, alert 

id, device id, and vehicle id. EventCode Type indicates the type of events generated, which include 

no event generated, application active, application inactive, bus entered area,  bus exited area, an 

area is detected, direction of where the pedestrians are (nearside, farside, leftside, rightside), 

pedestrian in a road, vehicle is ahead, vehicle is ahead on left side, vehicle is ahead on right side, 

vehicle is on left side, vehicle is on right side, vehicle is behind on left side, vehicle is behind on 

right side, vehicle is behind, event is complete, and vehicle is inside the area. The AppMessage 

Type indicates type of the message like Info, InformAlert, and WarnAlert. Each transit bus has a 

unique vehicle id, and the devices used in the buses to send or receive messages have unique device 

ids.   

BSM Dataset 

This log file contains the Global Positioning System (GPS) locations of the connected buses, 

timestamp, speed, and heading at a rate of 5 Hz. Speed is in kilometers per hour (KPH). February’s 

data is excluded from this study intentionally, as February was only the trial period to install and 

test the devices. August’s data is also excluded since it has data for only two days. 
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Crash Dataset 

The crash data of Cuyahoga county, Ohio, is collected from 2014 to 2018 from the Ohio 

Department of Public Safety’s (DPS) website (30). The Crash data is collected for five years 

because the number of transit bus-involved crashes is relatively small per year, and five years is 

deemed a reasonable period to understand the crash pattern. The dataset contains four types of 

files. Among those, only crash statistics and unit statistics files are merged by the local report 

number and timestamp to get the GPS location of the transit bus-involved crashes.   

Geographic Information of the Road Network Dataset 

The information about the width of the road, number of road lanes, length of the road segments, 

and functional classification of road information is collected in GIS shapefile format from the 

Northeast Ohio Areawide Coordinating Agency’s website from the year 2016 (31). The GIS 

shapefile of Cuyahoga county’s Land use information is collected from Cuyahoga County Open 

Data website (32). The bus stop locations are acquired from the General Transit Feed Specification 

(GTFS) dataset for GCRTA (33). These are then converted into a GIS shapefile to extract this 

information spatially. 

Data Processing 

Merging Crash Statistics and Unit Statistics 

Crash statistics from each year are merged with unit statistics of that year based on the Local report 

number and timestamp to acquire the GPS locations of bus-related crashes. This is done for each 

of the five year’s data. The files for five years are combined, and only bus-involved crashes are 

kept. The total number of bus-involved crashes was 1,411 in Cuyahoga County. 

Cleaning the BSM Dataset 

At first, the BSMs are projected and overlaid on the Cuyahoga county boundary in GIS using their 

GPS locations (latitude/longitude). It was clear from observation that some BSMs fell outside the 

county boundary (766), some of which fell into the water body (237) and some on the ground 

(529). The transit buses had routes extending outside the county boundary and the 766 BSMs 

outside the county boundaries fell into two of their routes. The data points in the water are 

considered outliers since GIS generated 114 million BSM data points from March to July. 

Therefore, the data points falling into the waterbody are trivial compared to all BSMs inside the 

county. However, this may still induce a question of validity about the BSM locations inside the 

county. The E-TRP pilot project used GNSS, satellite signals of which can sometimes be blocked 

for enough time to interrupt the correct positioning of BSMs or alerts if the location is an urban 

canyon, tree-lined street, underpass, or tunnel (34). It can be inferred that as the connected buses 

circulated in and outside the downtown area, some GPS locations might have been affected by 

multipath fading due to the proximity of the buildings of Cuyahoga county’s downtown and roads 

below the highways. This can help explain why some BSMs fell into the waterbody (Lake Erie). 

The transit route goes beyond the county boundary in the west and south, which explains why 

some BSMs fell outside the county boundary. It is mention-worthy that the E-TRP pilot project 

team used the uBlox neo-7P GNSS receiver, which has a Horizontal Accuracy of 2.5 m for 50% 

Circular Error of Probability (CEP). Based on this fact, it is expected that at least half of the time, 

the coordinates are within 2.5 m of the exact location (35). The research is conducted assuming 

these observations as correct. 
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Figure 2.3 Onboard Subsystem  

Source: E-TRP Pilot Project (14) 

 

 

 

 

Figure 2.4 Infrastructure Subsystem-Roadside Units (RSU) 

Source: E-TRP Pilot Project (14) 
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Figure 2.5. EPCW WarnAlert to Bus Driver 

Source: E-TRP Report (14) 

 

 

 

 

Figure 2.6 EVTRW Inform Alert to Bus Driver 

Source: E-TRP Report (14) 
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Merging Alert Dataset and BSM Dataset 

To get the geographic location of each alert, Alert and BSM datasets needed to be merged. Both 

datasets had vehicle id and timestamp as common variables, but the alert dataset’s timestamp had 

a rounded value for seconds. The BSM dataset had a vehicle trajectory for every 0.2 seconds. 

Hence, it was never possible to get the exact fraction of seconds when the alerts occurred from this 

dataset. For the convenience of merging, the BSM dataset’s values for seconds are rounded up. By 

doing this, every second contains five observations. While merging, from every five observations 

for each second from the BSM dataset, one observation is selected randomly and merged with the 

alert dataset’s observation of the same time and vehicle id. After merging, it was discovered that 

the BSM dataset was missing observations for some time when the alerts occurred. Therefore, the 

merged file missed some alerts. The device to generate and store the alerts could have failed to 

operate properly at that time. The percentage of usable alerts after merging the two datasets is 

shown in Figure 2.7, which illustrates that not many alerts are lost due to this matter.  

After the merging process, samples containing irrelevant applications like RCI and TSPW are 

removed from the dataset. Two samples having missing values under application are also removed. 

After the cleaning process, other information is added to the merged dataset. 

Adding geographic information with the merged dataset  

With the help of spatial joining in ArcGIS, road and land use information are connected to the 

merged dataset of alerts and BSMs.  

Making a grid network of the study area 

Previous studies have considered road intersections as their unit of analysis. However, this leaves 

out many other locations of the road network where crashes occur. A grid network consisting of 

grids, each grid having a dimension of 350’x 350’, is developed in R. The grids are considered the 

location unit for the analysis to cover the entire study area. 350’ is equivalent to approximately 

100 meters (106.68 meters). Some prior research regarding pedestrian crashes near bus stops used 

100 meters buffer area (36) for their analysis. The E-TRP data involves BSMs that convey alerts 

about pedestrians and other connected buses to the drivers, considering the 350’x 350’ grid deemed 

reasonable for analysis.  

In the developed grid network, there were grids where alerts were generated. There have been 

many more grids where alerts are not generated (0 alerts), but the BSMs of connected buses had 

their trajectory information. As the geographic unit of analysis in this study is 350’x350’ (106.68 

m x 106.68 m), most of the BSMs and Alerts falling inside the grids can be acceptable. There will 

remain a chance of some error for the GPS locations on the border of those grids, which is a 

limitation of the data preparation process. Since this study is at a macro level, based on the 

accuracy level of GNSS, the BSMs inside the study area are considered reasonable to use. As the 

connected transit buses are from GCRTA and the study area of the pilot project is Cuyahoga 

county, discarding the BSMs that fell outside the county boundary is logical in this study. For 

future works, a more rigorous pre-processing approach, such as Kalman filtering (37; 38), can be 

applied to filter out the outliers extensively.  

For this study, grids with a minimum of one alert (Grids with ≥ 1 alert) were considered because 

the aim is to observe whether an association remains between crashes and alerts. In this way, 334 

unique grids were identified over five months, containing a minimum of one alert. 
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Figure 2.7. Percentage of usable alerts after merging Alert and BSM datasets. 
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Next, the total frequency of alerts, crashes, and passing frequency for each grid are computed using 

the Latitude-Longitude information. As the unit of study was shrunk down to these selected grids, 

the total number of usable alerts, BSMs, and bus-involved crashes also reduced in frequency. Four 

volatility measures, the average number of lanes, average road width, total length of all roads per 

grid, the number of bus stops per grid, and the number of passings by buses in each grid, are 

calculated. Later, a dummy variable indicating the presence of bus stops per grid is developed. The 

follow-up study of this research will incorporate the grids with zero alerts for further investigation. 

Dividing the master dataset into three datasets based on CV Applications 

After the development of the grid network and the required variables, the master dataset is divided 

into three datasets, as shown below: 

Both EPCW & EVTRW dataset: This is the cleaned dataset that contains both EPCW and 

EVTRW-based alerts. From March-July, 170,065 alerts were generated in the grids.  

EPCW dataset: This dataset contains only EPCW-based alerts. From March-July, 119,744 EPCW-

based alerts were generated in the grids.  

EVTRW dataset: This dataset contains only EVTRW-based alerts. From March-July, 50,321 

EVTRW-based alerts were generated in the grids. 

Data Analysis 

Panel Poisson Regression Model 

Panel data is longitudinal or cross-sectional time-series data that helps to observe the behavior of 

entities across time. For this paper, each grid is an entity. Panel data is used to control unobserved 

variables and helps understand individual heterogeneity (39). 

General Poisson Regression Model (40) is used to predict count data when the dependent variable 

is discrete and there is a preponderance of zeros and small values in the dependent variable. 

According to Poisson distribution, the probability of n crashes in a grid i is as follows: 

P(ni) = λi 
niexp(-λi)/ ni!        (1) 

Here, λi is the expected number of crashes in grid i. The Poisson parameter is laid out in the 

following form to fit the regression model. 

ln (λi) = βXi                             (2) 

Here, Xi is the matrix independent variable and β is a vector of the coefficients. 

Poisson Regression model (41) for one-way Panel data can be written as follows: 

𝑦𝑖𝑡 ~ Poisson (𝑢𝑖𝑡 )         (3) 

Here, 𝑢𝑖𝑡 = 𝛼𝑖 λit  = 𝛼𝑖 𝑒
𝛽𝑋𝑖𝑡

′
        (4) 

Where, i = 1,…..,N; t = 1,…..,T 

𝛼𝑖 denote the individual effects. 𝛼𝑖 need to be independent and identically distributed (iid) random 

variables for the model to be a random effect model. The model is estimated by assuming a 

distribution for  𝛼𝑖.  

Random effects Panel Poisson Regression model is conditional of λit  and parameter 𝛼𝑖. 𝑦𝑖𝑡 is iid 

Poisson distributed with parameter 𝑢𝑖𝑡 = 𝛼𝑖 λit  = 𝛼𝑖 𝑒
𝛽𝑋𝑖𝑡

′
 , with the individual effects 𝛼𝑖 considered 
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as an iid random variable. The joint density for observations in all time periods for the ith 

individual is as follows: 

P[yi1 , …….., yit | λi1 ,……….., λiTi]       (5) 

Density g(α) of 𝛼𝑖 needs to be specified to achieve equation (5).  

Let,  

𝛼𝑖 ~ iid gamma (θ, θ)                    (6) 

E(𝛼𝑖) = 1 and V(𝛼𝑖) = 
1

𝜃
     

g(𝛼𝑖) = 
𝜃𝜃

𝛤(𝜃)
𝛼𝑖

𝜃−1 𝑒−𝜃𝛼𝑖         (7) 

Location-based volatility measure calculation  

Volatility measures potentially represent instantaneous driving behaviors or decisions of drivers 

that increase crash risk and severity while passing through a location in the study area (6). 

Volatility indices can identify locations where driving behavior differs from the other locations. 

Recently, researchers have started examining volatility indices to measure abnormal and extreme 

driving behaviors so that crash risks can be mitigated when a driver maneuvers in an unsafe manner 

(5). As speed directly influences safety outcomes and is related to the risk of being involved in a 

crash, this paper uses speed profiles to measure volatility. Four types of speed volatility measures 

(3) are identified from prior studies and their formulas are as follows: 

Standard Deviation of Speed: SpeedSDi                        = √
1 

(𝑛−1)
 ∑ (𝑥𝑖 − 𝑥̅)2𝑛

𝑖=1               (8) 

 

Coefficient of variation of Speed: SpeedVoli                  = 
𝑆𝐷𝑖

𝑥̅
∗ 100                          (9) 

 

Mean Absolute Deviation of Speed: SpeedMADi  = 
1

𝑛
 ∑ |𝑥𝑖 −  𝑥̅|𝑛

𝑖=1                         (10) 

 

Quartile Coefficient of Variation of Speed: QuartCOVi = 
𝑄3𝑖− 𝑄1𝑖

𝑄3𝑖+ 𝑄1𝑖
 *100                  (11) 

In equations (8) through (11), subscript i indicates the index number of the grids, j indicates the 

index number of BSM alerts in the grid “i,” n indicates the number of BSM alerts in grid “i,” xi 

indicates the speed in the grid “i,” 𝑥̅ indicates the mean speed in the grid “i,” SDi indicates the 

standard deviation of speed in the grid “i.” For instance, SpeedSD indicates the extent of deviation 

present in a set of speed values. In equation (8), the Mean Speed of a grid “i” is subtracted from 

all the speed values located inside grid “i,” and the subtracted value is squared and then summed 

for that grid “i.” Hence, the SpeedSD of each corresponding grid is calculated. 

Similarly, SpeedVoli indicates the degree of dispersion of all speed values in the grid “i” from the 

mean speed in the grid “i.” SpeedVol is presented as a percentage and it compares the speed 

volatility across different sets of speed values. SpeedMADi indicates the average distance between 

each speed value in the grid “i” and the mean of all speeds in the grid “i.” In equation 11, Q1i and 
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Q3i indicate 25th and 75th percentile speed in the grid “i,” respectively. QuartCOVi indicates the 

relative dispersion of all speed values in the grid “i” based on the interquartile range of all speed 

values in the grid “i.”  

All four of these speed volatility measures are unitless. Volatility measures with high numeric 

values indicate the volatile behavior of drivers in that grid, which can indicate incidents like near-

miss situations when a driver brakes hard to avoid a collision with a pedestrian or a vehicle. 

Volatility measures with low numeric values indicate less volatile behavior of a driver in that grid, 

which can indicate incidents when a driver makes a gradual stop at a bus stop. When the buses 

stop at bus stops, their speed goes down to zero. In such situations, buses are maneuvered steadily 

by the drivers to make a gradual stop. When driving volatility is measured around bus stops, 

volatility would have some numeric value, but it is expected to be on the low side. 

Hazardous Location Analysis in ArcGIS 

An analysis tool in ArcGIS is used to proactively identify hazardous locations for buses. The tool 

uses a spatial clustering process that identifies statistically significant spatial clusters using Getis-

Ord Gi* statistic. Getis-Ord_Gi* (Gi* statistic) is an indicator of local autocorrelation as it 

evaluates the degree to which spatial auto-correlation varies locally over the study area. In this 

statistical method, a neighborhood of a specified geographic distance is considered around each 

feature and then the degree to which features surround this feature with similarly high or low 

values is measured (42). A statistically significant cluster of features with high values are 

hazardous locations and a statistically significant cluster of features with low values are non-

hazardous locations. The Gi* statistic that ArcGIS uses is a version of Gi* in which the Gi* index 

is combined with the z-score into one index (42). However, the analysis produces a new output 

feature class where each location or feature has a z-score, p-value, and confidence level bin 

(Gi_Bin) value (43). Gi_Bin field identifies the hazardous and non-hazardous locations. If the 

values of the features fall in the +/-3 bins, the location is statistically significant with a 99% 

confidence level. If the values fall in the +/-2 bins, the location is significant with a 95% confidence 

level. If the feature’s values fall inside +/-1 bins, that reflects a 90% confidence level. The clusters 

of features in bin 0 is not statistically significant. The formula for Gi* statistic is as follows (42): 

Gi* (d) = 
∑ 𝑤𝑖𝑗 (𝑑) 𝑥𝑗 − 𝑋̅  ∑ 𝑤𝑖𝑗𝑗  (𝑑)𝑗

𝑆 √
𝑛 ∑ 𝑤𝑖𝑗

2 −(∑ 𝑤𝑖𝑗 (𝑑)𝑗 )2
𝑗

𝑛−1

                                                                                    (12) 

Here,  

𝑋̅ =  
∑ 𝑥𝑗𝑖

𝑛
     and 

S = √
∑ 𝑥𝑗

2
𝑗

𝑛
− (𝑥̅)2 

In equation 12, Gi* (d) is the statistic computed for a feature i, at a distance d, standardized as a z-

score. xj denotes the attribute value of each neighbor, wij denotes the spatial weight for the target-

neighbor i-j pair, and n denotes the sample size of the dataset. The geographic distance between 

each i-j pair is measured following the Euclidean distance method. The spatial weight is calculated 

from a spatial weight matrix. This matrix is an n x n table, which surrounds each feature, and all 

the values in the matrix are a weight representing the association between a pair of features in the 

dataset. The weights are assigned based on the Inverse Distance Weighted (IDW) method. IDW 



 

24 

 

method identifies the cell values that do not have any value by using a linearly weighted 

combination of a set of sample points. The weight is an inverse function of a distance fixed before 

running the operation (44). The general formula for IDW (45) is as follows: 

𝑍̂ (𝑠0) =  ∑ 𝜆𝑖 𝑍(𝑠𝑖)
𝑁
𝑖=1         (13) 

Here,  

𝑍̂ (𝑠0) denotes the value for the location 𝑠0 

N denotes the number of sample points surrounding the prediction location that will be used in the 

prediction  

𝜆𝑖  denotes the weights assigned to each measured point. This weight decreases as weight increases 

𝑍(𝑠𝑖) is the observed value at the location 𝑠𝑖 

The formula to determine the weights is as follows: 

𝜆𝑖 =

1

∑ 𝑑
𝑖0
𝑝𝑁

𝑖=1

𝑑
𝑖0
𝑝                  (14) 

As the distance d becomes larger, the weight reduces by a factor of p. The value di0 indicates the 

distance between the prediction location s0 and the measured locations, si. The Inverse Distance 

Weighted (IDW) interpolation method is applied to this new output feature class to map the 

hazardous locations over the study area. The distance used for this research is 10,000 meters. 

Results 

Results from both spatial and statistical analysis are described here. At first, hazardous locations 

for bus-involved crashes are identified in ArcGIS. Then grids containing BSM alerts and vehicle 

trajectories are overlaid on the hazardous location map to visually understand whether BSM alerts 

can spatially indicate hazardous locations for bus-involved crashes. Next, a Random Effect Panel 

Poisson regression model’s results for grids having ≥ 1 alert are described. 

Hazardous locations for transit bus-involved crashes using ArcGIS 

Figure 2.8 shows the hazardous locations for transit bus-involved crashes in Cuyahoga County. 

ArcGIS identifies 800 hazardous locations in Cuyahoga County based on the location of five years 

of bus crash data. The Gi_bin shown as red and orange circles (205/800 areas) are considered more 

hazardous for bus-involved crashes and they are concentrated mainly within 3 miles 

(approximately) radius of the downtown area. After that, there are still many locations where 

crashes happened. However, those locations are very dispersed and bus-involved crashes 

happening there are low in frequency. As a result, those locations (594/800 areas) are found as 

non-hazardous areas (Gi_Bin shown as green and blue circles). However, identifying the scale of 

hazardousness in the areas between these hazardous locations needed to be determined. IDW 

interpolation method is applied, which uses the Gi_Bin based areas and interpolates to distribute 

more and less crash-prone areas across the region. Thus, hazardous areas for bus-involved crashes 

in Cuyahoga County are developed, represented as the red to yellow areas in Figure 2.8. The non-

hazardous areas are represented as green-shaded areas.  
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Figure 2.8. Map of hazardous locations for bus-involved crashes in Cuyahoga County 
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Figure 2.9 shows the locations of the 352 grids of the network (a total of 200,998 grids) that have 

a minimum of one alert (either EPCW or EVTRW). This map is also prepared using ArcGIS. 

Understandably, alerts are concentrated in the downtown and near the three selected intersections, 

and alerts are also seen along routes where the connected buses drove as part of the E-TRP pilot 

project. It is visible from Figure 2.9 that grids with a minimum of one alert are more concentrated 

in the hazard-prone locations of bus-involved crashes. 

Grids with ≥ 1 alert 

Table 2.1 shows the number of observations or grids in the datasets that contain ≥ 1 alert. As the 

datasets are developed as panel data for five months, each unique grid can have up to five 

observations (forming a group) depending on whether the connected transit bus received any alert 

in that grid in those five months. It is clear from Table 2.1 that, in the “Both EPCW & EVTRW” 

dataset, there are 807 observations or information about 807 grids, among which 334 are unique. 

The “EPCW” dataset has only 24 unique grids and 85 observations in 5 months. The “EVTRW” 

dataset has 326 unique grids and 782 observations in five months. In the “Both EPCW & 

EVTRW,” “EPCW,” and “EVTRW” datasets, the average number of observations per group is 

2.4, 3.5, and 2.4, respectively. This indicates that some groups did not have observations in all five 

months and are unbalanced panel data.     

In the “Both EPCW & EVTRW” alert-based dataset, 471 of 807 grids do not have crashes and 227 

of 334 (67.96%) unique grids do not have crashes. Specifically, in the “EPCW” alert-based dataset, 

42 of 85 grids do not contain any crashes. Among 24 unique grids of the “EPCW” alert-based 

dataset, 14 grids (58.33%) do not have any crashes. In the “EVTRW” alert-based dataset, 446 of 

782 grids do not have crashes, and 219 of 326 (67.18%) unique grids do not have crashes. 

Descriptive Statistics on grids with ≥ 1 alert 

Table 2.2 shows the descriptive statistics of the three datasets. In the “Both EPCW & EVTRW” 

alert-based dataset, the dependent variable Crash Frequency represents a total 5-years crash in 

each of the 334 unique grids. It has a minimum value of zero, a maximum value of 10, and an 

average of 0.98. This indicates that there are grids that do not have crashes and grids that have 

high crash frequencies. 221 crashes happened in the 334 unique grids (794 crashes in 807 

observations) in five years. Hence, crash frequency per unique grid is 0.98 in 5 years, which is 

very low. This is expected because the number of bus-involved crashes is generally low and 

Cuyahoga county is no different in this matter.  

As the values of independent variables are available for five months, their descriptive statistics are 

measured based on all 807 grids in five months for the “Both EPCW & EVTRW” dataset. Among 

the independent variables, alerts are important because the primary goal of this research is to find 

if there exists an association between the location of crashes and alerts. Number of Alerts provided 

to bus drivers in the grids in five months has a minimum value of 1 and a maximum value of 

10,449. This indicates that in the study period, the highest number of alerts a grid received in a 

month was 10,449. Its mean value is 220.74, which indicates that, on average, the grids received 

220.74 alerts in a month. It implies that many grids have a higher frequency of alerts. The 

histogram of this variable is right-skewed. So the log of this variable has been developed for use. 

Log of Alerts has a minimum value of 0, maximum of 9.25, and mean of 2.58.  
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Figure 2.9. Hazardous locations vs. grids with ≥ 1 alert (Both EPCW & EVTRW). 
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Among the volatility measures, SpeedVol, SpeedSd, SpeedMAD, and QuartCOV have mean values 

of 1.43, 3.14, 2.61, and 83.69, respectively. Driver behavior is considered volatile if the volatility 

measures have a value higher than one. The minimum values of all four volatility measures indicate 

that there are locations where drivers showed very little or no volatile behavior, but some locations 

showed high volatile behavior. Drivers should be concerned about those locations. The variable 

Number of passings has a minimum value of seven, a maximum value of 8,036, a mean of 

1,716.43, and a standard deviation of 1,400.08. This indicates that the connected buses passed 

these grids a minimum of seven times and 1,716.43 times in a month on average. It implies that 

the buses have passed many times on their routes, but alerts were sometimes generated on those 

journeys. There can be some places where a very high number of alerts have occurred. Log of 

passing has a minimum, maximum, and mean values of 1.95, 8.99, and 7.02. The geographic 

variables are constant over time. The variable Average number of lanes has a minimum value of 

one, a maximum value of eight, and a mean value of 4.39. This means this grid network has some 

grids with eight-lane roads, but on average, these grids have four-lane roads. The variable Average 

road width (feet) has a minimum value of 10, a maximum value of 96, and a mean value of 59.63. 

The Total length of roads (feet) variable has a mean of 446.33 feet, indicating that the roads falling 

inside the grids totals 446.33 feet on average. The variable Number of bus stops has a minimum 

value of zero and a mean value of 1.24. This indicates that although some grids do not have any 

bus stops, these grids have at least one bus stop on average.  

In the “EPCW” alert-based dataset, Crash Frequency has minimum, maximum, and mean values 

of zero, 10, and 0.91, respectively. Only 24 transit crashes (77 crashes in five panels) happened in 

these 24 grids over the 5-years. So, it can be said that, on average, 0.91 transit crashes have 

occurred in five years per unique grid. Among the dependent variables, Log of Alerts has minimum 

and maximum values similar to the previous dataset but has a mean of 5.38. This indicates that the 

frequency of alerts is very high in the EPCW dataset’s grids. The mean values of the four volatility 

measures are similar to the “Both EPCW & EVTRW” alert-based dataset. The variable Number of 

passings has a minimum value of 15, a maximum value of 5,583, mean of 2,588.66. This indicates 

that the connected buses have passed through “EPCW” alert-based grids on an average more times 

than “Both EPCW & EVTRW” grids. It can be assumed that buses have visited the three 

intersections more frequently than the rest of the routes of this project. The Total length of roads 

(feet) variable has a mean of 446.87, similar to the previous dataset.  

In the “EVTRW” alert-based dataset, the dependent variable Crash Frequency has almost identical 

minimum and maximum values as the “Both EPCW & EVTRW” dataset. This is expected because 

most grids of the “Both EPCW & EVTRW” dataset are from the EVTRW dataset (782 of 807 = 

96.9%). Among the dependent variables, the Log of Alerts has a mean of 2.29. This clearly 

indicates that the frequency of EVTRW alerts is very low in this dataset’s grids. This dataset’s 

mean values of all the volatility measures are higher than those observed in the “EPCW” dataset. 

This indicates that drivers have been more volatile when driving in these “EVTRW” alert-based 

grids. The variable Number of passings has a mean of 1,724.93, indicating that the connected buses 

have passed through “EVTRW” alert-based grids fewer times than “EPCW” alert-based grids.   

Table 2.3 shows the descriptive frequency of key variables of the three datasets, namely the 

Presence of bus stops, Functional classification of roads, and Land use. The Presence of bus stops 

is a categorical variable that has two attributes. In the “Both EPCW & EVTRW” dataset, No bus 

stops (0) have a frequency of 284 grids (35.19%) and ≥ 1 bus stop (1) has a frequency of 528 grids 

(64.81%). This indicates that most of the grids contain ≥ 1 bus stops. In the “EPCW” dataset, 58 
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out of 85 grids (68.24%) grids have ≥ 1 bus stops which are higher in percentage than the grids 

found in the previous dataset. In the “EVTRW” dataset, the variable Presence of bus stops 

indicates that along the trajectory of the connected buses over five months, 521 of 782 (66.62%) 

grids had bus stops. The variable Functional classification of roads has four levels: Arterials, 

Collectors, Interstate, and Mixed. The Mixed level represents the presence of more than one type 

of road in the grid. It is observed that, among the four types, Arterial roads are found in the majority 

of the grids in all three datasets, followed by Collectors and Mixed roads. The variable Land use 

has six levels: Commercial, Green Space, Industrial, Institutional, Residential, and Utility. The 

frequency distribution of the land use in the “EPCW” dataset indicates that most grids are 

Commercial, followed by Green Space, Institutional, and Residential. In the “EVTRW” dataset, 

most grids are Commercial, followed by Residential, Institutional, and Industrial. 

Models on grids with ≥ 1 alert 

Random effects Panel Poisson regression model is applied to the three types of datasets to 

investigate the association between Crash Frequency and other independent variables. The initial 

models (not shown in Table 2.4) gave some unexpected results as the association between crashes 

and the three volatility measures like, SpeedSd, SpeedVol, and SpeedMAD, were negative. These 

variables are omitted from the presented models, and only the variables with correct signs are kept. 

The models that proved that the panel estimator is better than pooled estimator are kept (with the 

help of the likelihood ratio test of 𝛼 = 0). Table 2.4 shows the panel Poisson models on grids with 

a minimum of one BSM alert. Alpha (𝛼) value > 0 indicates the presence of overdispersion over 

time in panel datasets. The panel models express the effects of time on the dependent variable. 

Average Marginal Effects (AME) are also presented to explain the association between crash 

frequency and other independent variables. 

In model 1, the variable Log of Alerts has a coefficient of -0.090, indicating that one unit increase 

in log of EPCW or log of EVTRW alert is associated with a decrease of 0.090 log count of crashes. 

This also means that a 1% increase in either EPCW or EVTRW alert is associated with a 0.090% 

decrease in bus-involved crashes if all else remains constant. This implies that an increased number 

of alerts can lead to a decrease in crash frequency. It can be deduced that bus drivers will get more 

cautious and drive safely to avoid a potential crash if a location has high alert frequencies. 

However, this coefficient is not statistically significant in model 1 (p > 0.1). In this model, the 

variables QuartCOV, Log of passing, Presence of bus stops, Industrial, Residential, and Utility 

have a coefficient of 0.015, 0.329, 0.764, -2.086, -1.491, and -1.571. They are all statistically 

significant (p-value <0.05). One unit increase of QuartCOV is associated with a 0.015 unit increase 

in the log count of Crash Frequency if all else remains constant. From the values of AME, it can 

be said that a 1% increase in QuartCOV is associated with a 0.015 unit increase in the average 

number of bus-involved crashes if all else remains constant. More volatile driving behavior may 

cause more probability of crashes. The coefficient of Log of passing indicates that a 1% increase 

in passing is associated with a 0.329% increase in bus-involved crashes if all else remains constant. 

The AME of the Presence of bus stops indicates that the grids with bus stops are associated with 

0.764 units more crashes than grids without bus stops. The Land use variable’s base is 

Commercial. The AME of Industrial indicates that industrial land use-based grids are associated 

with 2.086 units less crashes than commercial land use-based grids on average if all else remains 

constant.  Likewise, Residential land use-based grids are associated with 1.491 units less crashes 

than commercial land use-based grids on average if all else remains constant. Utility land use-

based grids are associated with 1.571 units less crashes than commercial land use-based grids on 



 

30 

 

average if all else remains constant. This model also contains an interaction term, Presence of bus 

stops*Log of Alerts (1) and the explanation of its coefficient is complex. This term’s AME of 0.173 

indicates that a 1% increase of the Log of Alerts in grids with bus stops is associated with 0.173 

units more bus-involved crashes on average than the grids without bus stops. It can be deduced 

that the presence of bus stops increases the probability of bus-involved crashes even with the 

increasing number of alerts. Hence, bus drivers should be careful near bus stops.  

In model 2, the variable Log of Alerts is statistically significant (p-value <0.01) with a coefficient 

of -0.239. This indicates that one unit increase in log of EPCW alert is associated with a decrease 

of 0.239 log count of crashes. It also means that a 1% increase in EPCW alerts is associated with 

a 0.239% decrease in bus-involved crashes if all else remains constant. Log of passing has a 

coefficient of 0.996 (p-value <0.1), which indicates that a 1% increase in the number of passings 

in a grid is associated with a 0.996% increase in bus-involved crashes if all else remains constant. 

From the values of AME, it can be said that a 1% increase in QuartCOV is associated with a 0.041 

unit increase in the average number of bus-involved crashes if all else remains constant. The 

Functional classification of roads variable has Arterials as the base. Among all the levels of this 

variable, only Mixed has a statistically significant coefficient. The AME of Mixed indicates that 

grids with Mixed roads are associated with 1.127 units less crashes than grids with only Arterial 

roads on average if all else remains constant. In model 2, only Green Space is statistically 

significant among the levels of Land use variable. The AME of Green Space indicates that grids 

with Green Space land use are associated with 0.746 units (p < 0.05) less crashes than grids with 

Commercial land use if all else remains constant. 

In model 3, the Log of Alerts has a negative coefficient of 0.054, which indicates that a 1% increase 

in EVTRW alert is associated with a 0.054% decrease in bus-involved crashes when all else 

remains constant. Nevertheless, this value is not statistically significant, similar to model 1’s 

results. QuartCOV, Log of passing, Presence of bus stops, Industrial, Residential, and Utility have 

statistically significant coefficients. Between EPCW and EVTRW systems, EPCW has shown to 

decrease more crashes considering their coefficients in the models.   

Discussion 

Comparison of hazardous and non-hazardous areas based on Alert/Grid and Crash/Grid 

As the hazardous and non-hazardous locations are developed based on the number and location of 

crashes, it is expected that number of crashes per grid will be higher in hazardous areas and lower 

in non-hazardous areas, as shown in Figure 2.10. However, it would be interesting to see whether 

the number of alerts per grid is also higher in hazardous areas or not. Figure 2.11 shows that the 

grids falling inside the hazardous areas also have higher alerts/grid than non-hazardous areas. This 

implies that alerts can indicate high-risk hazardous locations for bus-involved crashes. 

Nevertheless, it also implies that even though the Log of Alerts is negatively associated with the 

crashes according to the Panel Poisson models, the number of alerts/grid can be high in crash-

prone hazardous areas. This indicates that their locations do not entirely determine their 

association; there can be other factors causing this negative association that need further 

investigation.  
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Table 2.1 Number of observations in grids with ≥ 1 alert-based datasets 

Dataset based on application type Both EPCW & EVTRW EPCW EVTRW 

Total number of grids (Observations) 807 85 782 

Total number of unique grids (groups) 334 24 326 

Observations per group       

Minimum 1.00 1.00 1.00 

Average 2.40 3.50 2.40 

Maximum 5.00 5.00 5.00 
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Table 2.2. Descriptive Statistics of grids with ≥ 1 alert. 
Application Type Both EPCW & EVTRW EPCW EVTRW 

  N (number of grids = 807) N (number of grids = 85) N (number of grids = 782) 

Variables Mean Std. 

dev. 

Min Max Mean Std. 

dev. 

Min Max Mean Std. 

dev. 

Min Max 

Dependent (5 yrs. total)                         

   Total Crash Frequency 

(5 yrs.total) 

0.98 1.72 0.00 10.00 0.91 1.41 0.00 10.00 1.02 1.74 0.00 10.00 

Independent (5 months)             

   Number of Alerts 

provided to bus drivers 

210.74 792.35 1.00 10449.00 1408.75 1664.97 1.00 7374.00 64.35 401.89 1.00 10449.00 

   Log of Alerts 2.58 2.07 0.00 9.25 5.38 2.99 0.00 8.91 2.29 1.63 0.00 9.25 

   Vehicle Kinematics             

   SpeedVol 1.43 1.09 0.13 12.87 1.08 0.92 0.19 8.04 1.46 1.10 0.13 12.87 

   SpeedSd 3.14 1.27 0.28 11.09 3.01 0.78 1.20 4.59 3.16 1.28 0.28 11.09 

   SpeedMad 2.61 1.22 0.03 10.76 2.54 0.84 0.26 4.08 2.61 1.23 0.03 10.76 

   QuartCOV 83.69 24.62 7.85 99.92 80.72 31.98 8.58 99.46 84.91 23.12 7.85 99.72 

   Number of passings 1716.43 1400.08 7.00 8036.00 2588.66 1356.79 15.00 5583.00 1724.93 1405.94 7.00 8036.00 

   Log of passing 7.02 1.08 1.95 8.99 7.46 1.38 2.71 8.63 7.05 1.03 1.95 8.99 

  Geographic 

Information 

            

   Average number of 

lanes 

4.39 1.20 1.00 8.00 3.74 1.39 2.00 8.00 4.42 1.19 1.00 8.00 

   Average road width 

(feet) 

59.63 12.49 10.00 96.00 58.03 17.38 30.00 96.00 59.84 14.34 10.00 96.00 

   Total length of roads 

(feet) 

446.33 213.39 8.33 1243.27 446.87 196.29 48.16 869.44 447.09 215.63 8.33 1243.27 

   Number of bus stops 1.24 1.37 0.00 9.00 1.24 1.10 0.00 4.00 1.27 1.37 0.00 9.00 

Std. dev. = Standard Deviation, Min=Minimum, Max=Maximum 
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Table 2.3. Descriptive Frequencies of Key Variables. 

Variable Levels Both EPCW & 

EVTRW 

EPCW EVTRW 

N (number of grids = 

807) 

N (number of grids 

= 85) 

N (number of grids = 

782) 

Freq. Percent Freq. Percent Freq. Percent 

Presence of bus 

stop 

≥ 1 bus stop 523.00 64.81 58.00 68.24 521 66.62 

 No bus stops 284.00 35.19 27.00 31.76 261 33.38 

Functional 

classification of 

roads 

Arterials 416.00 51.55 53.00 62.35 401 51.28 

 Collectors 225.00 27.88 15.00 17.65 216 27.62 

 Interstate 21.00 2.60 - - 21 2.69 

 Mixed 145.00 17.97 17.00 20.00 144 18.41 

Land use Commercial 405.00 50.19 44.00 51.76 395 50.51 

 Green Space 33.00 4.09 15.00 17.65 33 4.22 

 Industrial 81.00 10.04 1.00 1.18 81 10.36 

 Institutional 105.00 13.01 15.00 17.65 95 12.15 

 Residential 149.00 18.46 10 11.76 144 18.41 

 Utility 34.00 4.21 - - 34 4.35 
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Table 2.4. Regression Models for alerts on grids with ≥ 1 alert. 

Dataset (Model) Both EPCW & EVTRW (Model 1) EPCW (Model 2) EVTRW (Model 3) 

Variables Coef. z-stat. AME Coef. z-stat. AME Coef. z-stat. AME 

Dependent (5 yrs. total) Crash Frequency Crash Frequency Crash Frequency 

Independent (5 months) 
 

    

   Constant -4.425*** -4.700  -9.725*** -2.300  -

4.226*** 

-4.480  

   Log of alert -0.090 -0.660 0.022 -0.239*** -5.280 -0.239 -0.054 -0.380 0.046 

  Vehicle Kinematics             

   QuartCOV 0.015*** 2.640 0.015  0.041*** 3.270 0.041 0.014** 2.460 0.014 

   Log of Passing  0.329*** 2.710 0.329 0.996* 1.950 0.996  0.309** 2.520 -0.309 

 Geographic Information            

Presence of bus stops 0.764** 1.950 1.211    0.772* 1.930 1.114 

Presence of bus stops*Log of alert 0.173 1.230 0.173    0.149 1.010  

Functional classification of roads          

     Arterials (base)          

    Collectors    -28.975 -0.000 -28.975    

    Mixed    -1.127*** -2.680 -1.127    

Land use          

   Commercial (base)          

   Green Space -0.688 -1.190 -0.688 -0.746** -2.170 -0.746 -0.653 -1.170 -0.653 

   Industrial -2.086*** -3.300 -2.086 1.425 0.000 1.425 -

2.149*** 

-3.430 -2.149 

   Institutional -0.381 -1.240 -0.381 -27.766 -0.000 -27.766 -0.361 -1.18 -0.361 

   Residential -1.491*** -4.750 -1.491 0.378 0.800 0.378 -

1.461*** 

-4.760 -1.461 

   Utility -1.571** -2.080 -1.571    -1.615** -2.150 -1.615 

Lnalpha 0.735 -15.831 0.695 

alpha 2.086 0.000 2.003 

Wald 𝜒2 (Prob > 𝜒2 = 0.000) 102.610 47.190 100.460 

LR test of α =0: 𝜒̅2(01) 506.460 0.000 438.130 

Prob ≥ 𝜒̅2 0.000 0.500 0.000 

Log-likelihood at constant (C) -735.531 -60.964 -731.672 

Log-likelihood at convergence (B) -684.909 -79.799 -682.291 

McFadden’s 𝜌2 0.069 0.236 0.067 

df 12 11 12 

AIC 1393.817 143.929 1388.581 

BIC 1450.137 170.798 1444.524 
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Table 2.4 Continued.    

Dataset (Model) Both EPCW & EVTRW (Model 1) EPCW (Model 2) EVTRW (Model 3) 

N (Number of observations) 807 85 782 

***p-value<.01, **p-value<.05, *p-value<.1 

Coef. = Coefficient, z-stat = z-statistics, AME = Average Marginal Effect 
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Bus-involved crash reduction by EPCW 

According to bus-involved crash data provided by Federal Motor Carrier Safety Administration 

(FMCSA) website (46), there have been more than 60,000 bus-involved crashes in the US since 

2013 (as shown in Figure 2.12). Most of these are Property Damage Only (PDO) crashes 

(approximately 50000/year on average between 2009-2019), followed by Injury crashes 

(approximately 14000/year on average between 2009-2019). Bus-involved fatal crashes are 

comparatively low (244/year on average between 2009-2019).  

The association between alerts and bus-involved crashes is negative in all three models shown in 

Table 2.4, but only the association between EPCW alerts and bus-involved crashes is statistically 

significant. Hence, only the impact of deploying EPCW (V2I) in transit buses has been examined. 

Crash reduction values are calculated for hypothetical numbers of bus-involved crashes using the 

coefficient values from model 2. Figure 2.13 shows the number of bus-involved crashes that 

EPCW can potentially reduce upon deployment. It is observed that EPCW can reduce 143 bus-

involved crashes if the total number of bus-involved crashes is 60,000. This number may appear 

small, but it is significant if these were severe injuries or fatal crashes. Therefore, the deployment 

of EPCW systems could be beneficial for road users. 

Limitations 

There are some limitations of this E-TRP pilot project’s dataset. The first issue is the unavailability 

of vehicle trajectory data for the many unique alerts. Although those alerts are valid, they could 

not be used, as their GPS locations could not be traced. The second issue is that the alert and BSM 

files’ timestamp has different values of seconds with different decimal places. So, while merging 

the two datasets, many alerts were lost. The third issue is that some GPS locations fell outside the 

county boundary and some on the waterbody beside Cuyahoga County. Those alerts also had to 

be excluded from the main dataset. The fourth issue is a common issue of the absence of driver 

information in the BSM dataset. Researchers and CV companies can consider resolving these 

issues to achieve more accurate BSMs and improved CV technologies. Geometric feature data 

could not be acquired for some of the grids along the trajectory of the connected buses. These grids 

had to be dropped while conducting analysis, but their inclusion could have provided more insight 

into the associations. Many of the grids covered more than one land use and selecting a specific 

land use for such grids was complex. The land use that occupied the majority of a grid was 

considered the grid’s land use. The road network shapefile did not contain all roads in many grids. 

Therefore, the total length of roads in a grid was manually calculated using ArcGIS for those grids. 

This made the data collection process time-consuming and tedious. Moreover, the data used in this 

study is a product of averaging five years of transit bus-involved crashes and five months of BSM 

data. A short period of volatility measures and BSM alerts are used to examine the correlation with 

5-year average bus-involved crashes. However, to make the analysis as valid as possible, the 

authors used all available data despite the difficulty of processing such large-scale data. Another 

critical issue is that grids with zero alerts were not analyzed, and their frequency is enormous 

compared to the number of grids with ≥ 1 alert. The inclusion of those grids could have yielded 

more insights. 
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Figure 2.10 Crash/Grid in grids that include ≥ 1 alert using Both EPCW & EVTRW Dataset 
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Figure 2.12. Bus-involved crashes from 1999 to 2019 in the US  

 

 

 

 

Figure 2.13. Reduction of bus-involved crashes by EPCW 
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Conclusions 

This study has explored the role of smart vehicle and infrastructure technologies in improving 

public transit safety, especially focusing on detecting pedestrians to enhance safety for all road 

users in the future. By harnessing the big data from newly available connected buses that provide 

drivers with alerts, this study uses alerts and BSMs to identify high-risk bus-involved crash 

locations. The key findings of the paper are as follows:  

• Panel Poisson regression models find that bus-involved crash locations are negatively 

associated with alert locations. In grids containing ≥ 1 alert, a 1% increase in EPCW 

alerts is associated with a 0.239% decrease in bus-involved crashes when all else 

remains constant. A negative association was observed between EVTRW alerts and bus-

involved crashes, but it was not statistically significant.  

• Bus-involved crash locations are also negatively associated with Mixed roads and Green 

Space land use. EPCW dataset-based model showed that grids with Mixed roads (grid 

contains more than one type of road) are associated with 1.127 units less bus-involved 

crashes on average than Arterial road-based grids when all else remains constant. Green 

Space land use-based grids are associated with 0.764 units less bus-involved crashes on 

average than Commercial land use-based grids when all else remains constant. 

• The models also suggest that bus-involved crashes are positively associated with bus 

drivers’ volatility, passing, and presence of bus stops. “EPCW” dataset-based model 

showed that a 1% increase of QuartCOV is associated with a 0.041 unit increase in the 

average number of bus-involved crashes if all else remains constant.  

• “EVTRW” and “Both EPCW and EVTRW” dataset-based models also showed a 

significant positive association between Crash Frequency and QuartCOV, Log of 

passing, and Presence of bus stops.  

• Valid Panel Poisson models indicate that these associations are affected by time along 

with space. 

• Hazardous location identification maps show that alerts help identify high hazardous 

locations that need the attention of transit agencies and bus drivers.  

This research contributes to the knowledge area concerned with smart infrastructure and new 

transit technologies that enhance safety. The models developed in this research are based on new 

and emerging data that can transform transit buses’ increased safety. The analysis of CV 

technologies and volatility provides rich insights. Although the models are not generalizable as 

they are only for bus-involved crashes in a small county, the models can be improved by including 

more volatility measures and the geographic and socio-economic information of the locations. The 

next step of this study can be incorporating locations with BSMS but without alerts in the model 

and analyzing causality. Future research work can apply the model to busy metropolitan cities and 

rural areas to develop generalizable models for these CV technologies. The results will be valuable 

for transit agencies to undertake countermeasures to reduce bus-involved crashes. Future 

endeavors can also investigate the association of crash severity with alerts and BSMs. The validity 

of these associations can also be studied at different locations, such as near bus stops or at 

intersections. For now, the key findings of this research can help Cuyahoga county’s transit 

authority become aware of their area’s hazardous locations for bus-involved crashes. They can 

analyze the geographic conditions and design of the roads in these locations to find the underlying 
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reasons which may be causing these crashes. Based on this research, countermeasures can be 

deployed to increase transit safety. Before undertaking any significant infrastructural changes, bus 

drivers could be made aware of these hazardous locations by installing roadside alert signs at the 

entrances to these locations. Finally, CV technologies are in the test phase. When fully deployed, 

the effectiveness of BSMs and alerts in identifying high-risk hazardous locations might need to be 

studied again.  
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CHAPTER 3. EVALUATING PEDESTRIAN SAFETY IN BUS-

PEDESTRIAN INTERACTIONS WITH THE APPLICATION OF 

ENHANCED PEDESTRIAN COLLISION WARNING SYSTEMS: 

ANALYSIS OF LARGE-SCALE BASIC SAFETY MESSAGE DATA 
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Abstract 

Intersections are one of the most hazardous locations for vehicles and pedestrians due to the 

abundance of conflicts. Connected Vehicle (CV) technologies can potentially reduce some of these 

conflicts. In this regard, a lightly researched area is the use of CV technologies in public 

transportation. This study explores the safety benefits of an Advanced Driver Assistance Systems 

called Enhanced Pedestrian Collision Warning (EPCW) by harnessing a large-scale data from a 

pilot project of 24 connected buses that traversed three intersections in Cleveland, Ohio, US. For 

each intersection, a novel safety surrogate measure “Mean Time Difference to Intersection 

(MTDI)” and Alert zone radii are measured. MTDI, which denotes the mean time a CV would take 

to reach the center of the intersection from the moment of receiving “WarnAlert” traveling at the 

speed at which “WarnAlert” was received, showed that the EPCW alerts have potential to improve 

safety at the unsignalized and midblock intersections. Alert zone, which indicates the mean 

distance (radii) of receiving EPCW alerts near an intersection, will be helpful for drivers to identify 

pedestrians and drive safely at or near intersections if the radii is large. Analysis showed that the 

midblock crossing had the largest alert zone radii (169.78 feet), followed by the signalized (142.09 

feet) and unsignalized (102.13 feet) intersections. The results are relevant for policymakers who 

aim to promote safe roadways by using new safety technologies for all users. The paper suggests 

further investigation of EPCW to improve safety at intersections. 

Introduction 

Pedestrians are the most vulnerable of road users as they are exposed and are difficult to observe 

while driving, irrespective of the time of the day (47). According to the National Highway Traffic 

Safety Administration (NHTSA), “6283 pedestrians were killed in traffic crashes in 2018, which 

is 17% of the total traffic fatalities of that year. Among those pedestrian fatalities, 17% occurred 

at intersections (48).” Hence, increasing the safety of pedestrians at intersections is of utmost 

importance. According to the American Association of State Highway and Transportation 

Officials (AASHTO), an intersection is a joining or crossing of two or more highways, and the 

highways that radiate from an intersection are called intersection legs (49). Addressing safety 

challenges at intersections requires an in-depth understanding of the factors contributing to the 

crashes like the geometry and traffic signal phasing of that intersection, road type, land use, 

weather, time, visibility, and vehicle, driver, and other road user errors, etc. (50). The United States 

Department of Transportation’s (USDOT) Federal Highway Administration (FHWA) has 

published a manual that provides countermeasures to improve intersection safety (51), but 

collisions at intersections are still prevailing. 

A handful of research (50; 52-54) has been conducted to identify which type of intersection has 

more scope for safety improvements, but there has not been any concrete affirmation about one. 

Studies have reported that drivers are 33% more likely to make errors at intersections than at 

midblock crossings (50) and found more crashes per million conflict at signalized intersections 

compared to unsignalized intersections (52). Pedestrians are found to avoid most of contingent 

collisions in unsignalized intersections but not in the signalized ones (53). The safety of signalized 

intersections was positively associated with design speed, but the safety of unsignalized 

intersection was negatively associated with design speed (54). Therefore, for the safety of 

pedestrians from bus-involved pedestrian crashes, it is important to understand which intersection 

needs more pedestrian safety improvements and where transit bus drivers should be more careful 

to avoid collision with pedestrians.   
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With the emergence of connectivity and automation technology in vehicles, overall crash risks 

might be reduced (55). Connected Vehicle’s (CV) Basic Safety Message (BSM) data is state-of-

the-art technology that many U.S. cities are testing to examine its potential for helping avoid 

collisions. According to FHWA, BSMs are the “minimum transmitted data package exchanged 

between CVs and infrastructures (Vehicle to infrastructure –V2I), which include information about 

the vehicle’s current location, speed, heading, acceleration, braking status, and vehicle size (2).” 

Some CVs also have Advanced Driver Assistance Systems (ADAS), such as Pedestrian Collision 

Warning (PCW) system that detects pedestrians and warns drivers about potential pedestrian-

involved collisions. BSMs and PCWs from CV pilot projects can be used to study pedestrian 

crashes at intersections to increase pedestrian safety and contribute to the ongoing experiments of 

CVs. Therefore, it is important to harness the data from the pilot projects on Connected and 

Automated Vehicles (CAVs) and explore how these can be beneficial to the drivers and road users 

at intersections. 

Research on pedestrian safety at intersections using BSM data has commenced, but it is hampered 

by the confidentiality of CV projects. BSM data is not disclosed publicly and the research on it is 

limited. Among the few publicly available CV pilots, big data from the “Enhanced Transit Safety 

Retrofit Package (E-TRP)” project is harnessed for this study. The data contains BSMs, and 

Enhanced Pedestrian in Crossing Warning (EPCW) alerts generated for 24 connected buses 

traversing three intersections in Cuyahoga County, Cleveland, Ohio, from March-August 2018. 

The objectives of this study are as follows: 1) Harness data from connected transit buses to 

understand the vulnerability of pedestrians at intersections; 2) Explore the trend of EPCW alerts 

at different types of intersections; 3) Identify alert zones within the intersections where bus drivers 

should be more careful to avoid bus-involved pedestrian crashes. 

The scope and potential impact of the work is broad despite a limited size of the dataset (data on 

only three intersections). The work explores EPCW, an innovative technology that is likely to be 

adopted in the future. The microscopic BSM and EPCW alerts data are unique and rare which are 

structured to gain critical knowledge that provides long-term scientific value. A novel safety 

surrogate measure (SSM) has been developed that future studies can use. The work highlights the 

benefit of ADAS and Roadside Infrastructure (V2I) for pedestrians. 

Literature Review 

Text mining on the current literature revealed the following topics discussed. Based on the 

frequency of appearance, it is discovered that the content of the studies could be categorized as 

turning in lanes, crash severity, traffic signal, Pedestrian Collision Warning (PCW) application, 

sight distance and alignment, and time series analysis. A key focus of this study is the PCW system 

(56). This literature review covers CAVs, BSMs, and SSMs to highlight opportunities for new 

research on PCW systems to improve pedestrian safety. 

Transportation agencies are testing automation and connectivity in various environmental 

conditions. Connectivity is part of the Intelligent Transportation System (ITS), where BSMs are 

shared between vehicles and infrastructure to avoid potential crashes. Data on traffic, individual 

origin and destination, instantaneous driving behavior, maneuvers, and trajectory can be acquired 

from the connected vehicles (3). Because untreated or raw BSM data are complex to understand, 

data analytics are used to extract critical information from them (4). For instance, a handful of 
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studies have developed frameworks to explore BSM data and advance crash investigations at 

roadways (57) and intersections (4-6; 58; 59) using CAV data. 

Many of these CAV based studies used a safety performance measure called volatility and its 

different versions to represent instantaneous driving behavior (6) at intersections. One percent 

increase in acceleration/deceleration based volatility has been found to increase crash frequency 

by 1.25%, while a vehicular jerk based volatility measure has been found to increase crash 

frequency by 0.35%. (6). Intersections with high variations in the longitudinal movement showed 

tendency to have higher rear-end crashes, and intersections with lateral volatility have been 

identified to possess a higher risk of a head-on collision (3). Higher crash frequencies are also 

found to be associated with time-varying stochastic volatility of vehicle speeds when vehicles pass 

through intersections (59). Therefore, countermeasures that can improve safety of intersections are 

necessary and deployment of CAV technologies can be one of them. It was observed that with 

50% CAV penetration rate, the number of conflicts at both signalized and unsignalized 

intersections can decrease substantially (60). In terms of their benefits, CAV technologies like 

Forward Collision Warning, Cooperative Adaptive Cruise Control, and Cooperative Intersection 

Collision Avoidance Systems could save $76 billion per year in the US (61).  

Since CAV pilot projects generate BSM data, researchers are developing and applying various 

safety surrogate measures (SSMs) to evaluate the safety performances of CAVs. SSMs are used to 

analyze near crash events, which is also effective in safety improvement initiatives as historic crash 

data are limited. Some of the widely used SSM in CAV studies are time-to-collision (TTC), time 

exposed time-to-collision (TET), time integral time-to-collision (TIT), rear-end collision risk 

index (RCRI), time to accident (TA), deceleration rate to avoid the crash (DRAC), maximum 

speed, and standard deviation of speed (62). There are some other relevant SSMs that can be used 

in CAV based studies. Such SSMs include time difference to the point of intersection (TDPI), 

distance between stop position and pedestrian (DSPP), and vehicle-pedestrian speed-distance 

profile (63). Researchers are developing SSMs for evaluating driver’s compliance to various 

ADAS. For instance, Deceleration-based SSM (DSSM), which reflects driver’s perception of 

collision risks in the car-following situation, showed the potential to enhance the driver’s 

compliance to the ADAS (64).  

Notably, a vital topic in the ITS community (65) is pedestrian protection. Since its innovation, the 

ADAS has been playing an important role in the ITS’s mission of protecting pedestrians, and for 

this reason, it is researched often (66; 67). A noteworthy ADAS is the PCW system. This 

technology is initially being tested either in driving simulators or test environments like parking 

lots. Tests in real world settings found that the PCW system can improve the reaction time of 

transit bus drivers by 26% (68) and can reduce vehicle-pedestrian crash risks by 70% (69). Tests 

in driving simulator-based scenarios found that PCWS has the potential to avoid a pedestrian 

collision (70) and has the potential to increase drivers’ levels of perception, vigilance, and 

anticipation of pedestrians if PCW system is combined with Augmented Reality (AR) that contains 

Head-UP Display (HUD) interfaces (56). Some limitations of the system include possessing the 

risk of rear-end collision in cases where drivers brake aggressively (70), producing false alarms 

when there is no potential risk of collision (71) and failing to generate alerts in some risky 

scenarios. The risky scenarios include situations where pedestrians enter from two sides of the 

vision field; pedestrians cross in the right-hand half of the driver's vision when the subject vehicle 

is about to finish a left-turning maneuver; pedestrians are obstructed by buildings or vehicles; and 

when the mean speed of the subject vehicle is below 6 km/h, between 18 km/h and 24 km/h and 
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beyond 30 km/h (72). As the PCW system is still in the development stage it has scope for 

improvements. Besides testing the technology in regular cars, researchers are also working 

concurrently to improve pedestrian collision prediction algorithms in mobile phones, autonomous 

vehicles (73), and connected vehicles. For example, a study on Smartphone-based Distracted 

Pedestrian Localization developed a system utilizing low energy (BLE) Bluetooth beacons to track 

distracted pedestrians within 26.25 feet (eight meters) of the main beacon as alert zone near 

intersections(74).  

While many studies cover CAV data and performance, no study (to the authors’ knowledge) has 

attempted to identify vehicle alert zones based on the location of receiving PCW alerts to prevent 

collisions. Recently, FTA researched a pilot project undertaken in an urban bus operational safety 

platform in Cuyahoga county (14). This paper will expand on the data of this research. Since transit 

bus and pedestrian conflicts often occur at intersections, and it is unknown which type of 

intersection needs more safety improvement to prevent potential collision, it is worthwhile to 

examine intersections microscopically to understand them at a deeper level. Existing literature has 

not utilized BSM and alerts data for studying diverse intersection users. Hence, this approach is 

unique and is expected to reveal new information that may help enhance pedestrian safety. 

Methodology 

The framework of this study is developed based on the objectives. RStudio and ArcGIS software 

are used to conduct all the analyses.    

Data 

The data is from the “Enhanced Transit Safety Retrofit Package (E-TRP)” project and it is 

collected from the USDOT’s ITE Joint Program Office’s Website (29). The project is from 

Cuyahoga County, Cleveland, Ohio. From February to August 2018, 24 buses of Greater 

Cleveland Regional Transit Authority (GCRTA) collected 239453 BSM alerts. Cutting-edge 

technological equipment is used in a transit environment to test the impact of connectivity on 

pedestrian and transit safety. There are three key technologies used for this unique dataset. First, a 

Dedicated Short-Range Communications (DSRC) system is used for both vehicle-to-vehicle 

(V2V) and vehicle-to-infrastructure (V2I) communication. Second, a High-precision Global 

Navigation Satellite System (GNSS) is used for tracking the connected vehicles. Third, Forward-

Looking Infrared (FLIR) cameras are used for detecting pedestrians. E-TRP features are installed 

on 24 transit buses and three intersections. The installations on the transit buses are called on-

board transit vehicle-based subsystems, and the installations at the pedestrian crossings are called 

infrastructure-based subsystems (14).  

Two CV applications are used: Enhanced Pedestrian in Crossing Warning (EPCW) and Vehicle 

Turning Right in Front of Bus Warning (EVTRW). As this study is related to pedestrian safety and 

bus-pedestrian collisions, only EPCW application-based alerts will be applied. EPCW is a V2I 

application that alerts the driver of the connected bus about pedestrians. This application generates 

three app messages: 1)“Info” - When the bus enters, is inside, or exits the geo-fenced area. 

2)“InformAlert”-When a pedestrian is on the curb in the potential path of the connected bus. 

3)“WarnAlert” – When pedestrians are in the crosswalk in the path of the bus.  
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EPCW application also obtains position (latitude/longitude), timestamp, heading, speed, and 

elevation information of the connected buses. (14).” The subsystems and EPCW “WarnAlert” are 

shown in Figure 3.1. 

Alerts are also classified under event types and are stored under the “EventCodeType” variable. 

An event is an incident for which an alert is either stored or informed to the driver. The events 

under AppMessage Type “Info” are: “NOEVENTID,” “ApplicationActive,” 

“ApplicationInactive,” “EnteredArea,” “ExitedArea,” “DetectedArea,” “EventComplete,” and 

“InArea.” The EventCodeType under “InformAlert” and “WarnAlert” are: “NearsidePed,” 

“FarsidePed,” “LeftsidePed,” and “RightsidePed.” EventCodeType indicates the type of events 

generated, which include no event generated, application active, application inactive, bus entered 

area,  bus exited area, an area is detected, direction of where the pedestrians are (nearside, farside, 

leftside, rightside), pedestrian in a road, vehicle is ahead, vehicle is ahead on left side, vehicle is 

ahead on right side, vehicle is on left side, vehicle is on right side, vehicle is behind on left side, 

vehicle is behind on right side, vehicle is behind, event is complete, and vehicle is inside the area. 

The AppMessage Type indicates the type of message like Info, InformAlert, and WarnAlert. 

The package has seven types of datasets, among which only alerts and BSM datasets are used in 

this study. 

Alert Dataset  

This dataset contains the EventCode Type, AppMessage Type, and timestamp of those alerts, alert 

id, device id, and vehicle id. Each transit bus has a unique vehicle id. The devices used in the buses 

to send or receive messages have unique device ids.  

BSM Dataset 

This log file contains the Global Positioning System (GPS) locations of the connected buses, 

timestamp, speed, and heading at a rate of 5 Hz. Speed is in kilometers per hour (KPH), later 

converted to miles per hour (mph). February’s data is excluded from this paper intentionally, as 

this is only the trial period to install and test the devices. 

Data preparation 

Alert and BSM datasets needed to be merged to get the geographic location of each alert. Both 

datasets had vehicle id and timestamp as common variables, but the alert dataset’s timestamp had 

a rounded value for seconds. The BSM dataset had a vehicle trajectory every 0.2 seconds. Hence, 

it was never possible to get the exact fraction of seconds when the alerts occurred from this dataset. 

For the convenience of merging, the BSM dataset’s values for seconds were rounded up. By doing 

this, every second had five observations. While merging, from every five observations for each 

second from the BSM dataset, one observation was selected randomly and merged with the alert 

dataset’s observation of the same time and vehicle id. After merging, it was discovered that the 

BSM dataset was missing observations for some times when the alerts occurred. Therefore, the 

merged file missed some alerts.  

The device to generate and store the alerts could have failed to operate properly at that time. The 

number of alerts after merging the two datasets is shown in Figure 3.2, which illustrates that not 

many alerts were lost due to this matter.  
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Figure 3.1. On-board Subsystem (top), Infrastructure Subsystem (middle), and EPCW 

“WarnAlert” (bottom)  

Source: (14) 
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The successfully merged alerts are taken as the final dataset. After error-checking through 

descriptive statistics, the data seemed reasonable. No outliers are found. As the data came from 

credible sources such as USDOT and Ohio DPS websites, the data is valid and reliable.  

Contingency tables 

A contingency table shows the counts from various combinations of categories for a cross-

classification of two or more categorical variables. If one categorical variable is denoted as X and 

another one is denoted as Y, and their categories are denoted as I and J, respectively, then the 

rectangular table of I rows and J columns is a contingency table, which has cells that display the 

IJ possible combination of outcomes (75; 76). For this study, two categorical variables are 

considered: type of EventCodes and type of intersections, which are denoted as X and Y, 

respectively.  The number of categories in X and Y are 14 and 3, respectively. The contingency 

table for these two categorical variables will be 14 rows by 3 columns.   

If the null hypothesis (𝐻0) considers certain fixed values (𝛱𝑖𝑗) as cell probabilities, it will mean 

that the categorical variables are not associated. When the sample size is n, and the cell count is 

𝑛𝑖𝑗, the expected frequencies will be 𝜇𝑖𝑗=  𝑛𝛱𝑖𝑗. To test the null hypothesis, the Pearson chi-square 

statistic (𝜒2) is calculated, and its formula is as follows: 

𝜒2 = ∑
(𝑛𝑖𝑗 − 𝜇𝑖𝑗)2

𝜇𝑖𝑗
                                                                                                        (1) 

Here, larger 𝜒2 indicates more contradiction to 𝐻0. The P-value represents the probability that the 

chi-squared right tail value is above the observed 𝜒2 (75). 

Alert Zone identification 

One limitation of GPS data is that the reported locations are not always accurate. Using the alerts 

that fell outside the road boundary to calculate the average distance of alerts from the center of 

intersections would have given erroneous results. This matter is resolved by shifting these alerts 

inside of the road. The “Near” tool from GIS is used to relocate the alerts. A spatial join tool is 

used to measure the distance of each type of pedestrian-based alert from the center of the 

intersection. The projection system of the Intersection and Alerts used in GIS is “NAD 1983 (2011) 

StatePlane Ohio North FIPS 3401 (Meters),” which gave the measured distances in meters. Later 

the distances are converted from meters to feet for convenience. The average distance of all types 

of pedestrian alerts is considered the radius of the alert zones. 

Mean Time Difference to Intersection 

A unique safety surrogate measure (SSM) is developed to examine the performance of the EPCW 

system. This SSM is named “Mean Time Difference to Intersection” (MTDI) which denotes the 

mean time a connected bus would take to reach the intersection from the moment of receiving 

“WarnAlert” at an intersection, considering that the bus would be moving at the speed at which 

“WarnAlert” was received. Only “WarnAlerts” are considered, as these are generated when 

pedestrians are at the crosswalks. The equation to calculate MTDI is as follows: 

MTDI = 
𝑇

𝐹
                                                                                                                                       (2) 
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Here, 

T = time to reach intersection from the moment of receiving the “WarnAlert” 

F = frequency of “WarnAlerts” in the intersection  

Shorter values of MTDI will be more dangerous and unsafe for pedestrians than longer MTDIs. If 

the time taken for buses to reach the intersection increases, pedestrians will have more time to 

cross the intersection.  

Study Area 

The study area consists of three intersections in downtown Cleveland, Ohio. Figure 3.3 shows the 

location of the intersections in Google Maps, along with their geometric features. Alerts and BSMs 

have been collected for only 100-meter (328.08 feet) buffer zones surrounding these intersections. 

All three intersections are located approximately within a half-mile distance from each other. 

The signalized intersection is an intersection of Superior Avenue, which is a six-lane principal 

arterial, and East 12th St, which is a two-lane major collector. The width of Superior Avenue is 76 

ft., its crosswalks are marked with white lines, and left turns are restricted. It has a bus-only lane 

going in the east-west direction. The East 12th St has lanes for left turns and red-painted crosswalks.  

The unsignalized intersection is an intersection of East Roadway and Rockwell Avenue, both of 

which are 2-lane principal arterials. Left turns are not restricted on both roads. Both are one-way 

roads, but the East roadway has a bus-only lane. The crosswalks are marked with white hatched 

lines. 

The mid-block crossing is in the middle of the block of Euclid Road, which is a minor arterial of 

four lanes, and East. 19th Street. Euclid Avenue is a two-way road, and it has two bus-only lanes 

going in opposite directions on the south side of the median. 

Results 

Alerts located inside a 100-meter (328.08 feet) buffer area around the three intersections are 

considered first (124,060 alerts). Next, among all types of applications, only alerts that fell under 

the EPCW application (122,260) are included in this study.  

Frequency Distribution of Alerts 

Categorical variables used for the analysis are types of intersections, event codes, and app 

messages. The frequency distribution of alerts under these categories is shown in Table 3.1. Most 

alerts are generated at the signalized intersection, followed by the unsignalized intersection and 

the midblock crossing. This could be because more people were crossing roads at the signalized 

intersections compared to the other two intersections. Only pedestrian-related alerts are 

“FarsidePed,” “LeftsidePed,” “NearsidePed,” and “RightsidePed.” Most pedestrian-related alerts 

were “WarnAlert,” followed by “InformAlert,” and none were “Info” alerts. Conversely, only 

information type alerts were “EnteredArea,” “EventComplete,” “ExitedArea,” and “InArea.” 

These alerts did not have any “InformAlert” or “WarnAlert” type alerts.  

Figure 3.4 (a) shows that in the entire dataset, 76% of alerts are “Info” alerts, which are irrelevant 

to the research. Only 15% of the total alerts are “WarnAlerts” and valuable for the analysis. Figure 

3.4 also shows the percentage of alerts under different “AppMessageTypes.” It is clear that “Info” 
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message types are dominant in all three intersections. “WarnAlerts” are the least dominant and are 

the lowest at the Midblock crossing (3% of all alerts are at Midblock). Signalized intersection 

received the highest percentage (20%) of “WarnAlert.” The ratio of “WarnAlert” vs. the other two 

alerts is lowest at the Midblock and highest at the signalized intersection.  

It is noteworthy that the percentages of “WarnAlert” are very similar between the signalized (20%) 

and unsignalized intersection (19%). The ratios of “WarnAlert” vs. other alerts are also close for 

these two intersections (25.57% and 23.39%). The percentage of “WarnAlert” is low in the 

midblock crossing (3%) and hence, the ratio of “WarnAlert” vs. other alerts (2.81%) is also low 

for this midblock crossing. The differences in exposure of bus activity and pedestrian activity 

likely is responsible for differences in alerts-as would be geometry, surrounding land use and 

presence of other vehicular traffic. The three intersections represent three unique situations, and 

they are not comparable. Therefore, each of them is examined with equal importance in this study.  

The dataset contained other relevant variables that are considered for analysis. For instance, the 

speed at the time of the EPCW alert generation (N=29813) ranged from 0 to 10.48 mph. This 

indicates that some buses were stopped when they received the alert. Lower speed values indicate 

that the buses were either decelerating or accelerating at that moment. The distance between the 

bus and intersections ranged from 0.36 to 327 feet, indicating that alerts were received from 327 

feet away from the intersection. 

Comparison of three intersections 

Table 3.2 shows that among all pedestrian-based alerts (29813 alerts) at the three intersections, 

“NearsidePed” alerts are mostly observed, followed by “LeftsidePed,” “FarsidePed,” and 

“RightsidePed.” The signalized intersection received the highest number of pedestrian-based alerts 

among the three intersections. It mostly received “NearsidePed” alerts, followed by “LeftsidePed,” 

“FarsidePed,” and “RightsidePed.” The unsignalized intersection received the second-highest 

number of alerts. Like the signalized intersection, it also received mostly the “NearsidePed” alerts. 

The unsignalized intersection received the lowest “FarsidePed” alert among the three intersections. 

The Midblock crossing received the lowest number of alerts among the three intersections. It is 

noticeable that Midblock did not receive any “LeftsidePed” or “RightsidePed” alerts in the entire 

study period, whereas the bus stop is in the middle lane of the road and pedestrians come to the 

bus stop from both sides. It can be deduced that pedestrians were not crossing the road from the 

left or right when the connected buses came to the midblock crossing. However, some 

“FarsidePed” and “NearsidePed” alerts were received here.  

It is also critical to know if there is any statistically significant association between the types of 

intersections and types of event codes. Data for only the EPCW application type were considered 

to evaluate the association between categories of intersections and event codes, as shown in Table 

3.2. The null hypothesis was that there is no correlation between the type of intersections and event 

codes. The calculated Chi-square value for this dataset was 6672, which is larger than the critical 

Chi-square value for degrees of freedom (df) = 6. The p-value is also less than 0.01. Hence, the 

null hypothesis was rejected, and it was concluded that there is a significant relation between 

“EventCodeTypes” and intersections. 
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Figure 3.2. Percentage of alerts after merging Alert and BSM datasets 
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Figure 3.3. Three selected intersections in Cleveland, Ohio 

Source: Google Maps and (77) 
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Table 3.1. Frequency of Alerts by “EventCodeType” and “AppMessageType” 

EventCodeType AppMessage Intersection 

Signalized Unsignalized Midblock Total Alerts 

EnteredArea Info 5737 

(11%) 

5104 

(14%) 

9624 

(27%) 

20465 

(17%)  
InformAlert 0 0 0 0 

 
WarnAlert 0 0 0 0 

EventComplete Info 17409 

(34%) 

11281 

(31%) 

3734 

(10%) 

32424 

(27%)  
InformAlert 0 0 0 0 

 
WarnAlert 0 0 0 0 

ExitedArea Info 5930 

(12%) 

5097 

(14%) 

9706 

(27%) 

20733 

(17%)  
InformAlert 0 0 0 0 

 
WarnAlert 0 0 0 0 

InArea Info 5506 

(11%) 

4160 

(12%) 

9159 

(26%) 

18825 

(15%)  
InformAlert 0 0 0 0 

 
WarnAlert 0 0 0 0 

FarsidePed Info 0 0 0 0 
 

InformAlert 1385 

(3%) 

33 

(0%) 

1283 

(4%) 

2701 

(2%)  
WarnAlert 1431 

(3%) 

44 

(0%) 

381 

(1%) 

1856 

(2%) 

LeftsidePed Info 0 0 0 0 
 

InformAlert 716 

(1%) 

1982 

(6%) 

0 

(0%) 

2698 

(2%)  
WarnAlert 2851 

(6%) 

2503 

(7%) 

0 

(0%) 

5354 

(4%) 

NearsidePed Info 0 0 0 0 
 

InformAlert 2844 

(6%) 

1165 

(3%) 

1238 

(3%) 

5247 

(4%)  
WarnAlert 4059 

(8%) 

3432 

(10%) 

597 

(2%) 

8088 

(7%) 

RightsidePed Info 0 0 0 0 
 

InformAlert 723 

(1%) 

347 

(1%) 

0 

(0%) 

1070 

(1%)  
WarnAlert 1956 

(4%) 

843 

(2%) 

0 

(0%) 

2799 

(2%) 

Total 
 

50547 

(100%) 

35991 

(100%) 

35722 

(100%) 

122260 

(100%) 
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Figure 3.4. Percentage of “Info, “InformAlert” and “WarnAlert” at (a) all three intersections, (b) 

Signalized, (c) Unsignalized, and (d) Midblock crossing 
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Table 3.2. Contingency Table of Alerts under all “AppMessageType,” only EPCW Application, 

and Pedestrian Based “EventCodeType” 

  Intersection Total 

Signalized Unsignalized Midblock 

EventCodeType FarsidePed Count 2816 77 1664 4557 

% Within 

Intersection 

18% 1% 48% 15% 

LeftsidePed Count 3567 4485 0 8052 

% Within 

Intersection 

22% 43% 0% 27% 

NearsidePed Count 6903 4597 1835 13335 

% Within 

Intersection 

43% 44% 52% 45% 

RightsidePed Count 2679 1190 0 3869 

% Within 

Intersection 

17% 12% 0% 13% 

Total Count 15965 10349 3499 29813 

% Within 

Intersection 

100% 100% 100% 100% 

Pearson Chi-Square: 6672a , df = 6, Asymptotic Significance (2-sided): 0.000 

Likelihood Ratio: 8148.446, df = 6, Asymptotic Significance (2-sided): 0.000 

N= 29813 

a. an expected count of <5 was seen in 0 cells (0.0%). 454.08 is the expected minimum count for cells 
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Identification of Alert Zones for buses 

According to the Transit Capacity and Quality of Service Manual (TCQSM 3rd Ed.), bus stops are 

categorized into three types: farside, midblock, and nearside, as shown by Figure 3.5. The three 

intersections selected for this study and the alerts received by connected buses are discussed further 

in the next section. 

Alerts at the Signalized Intersection 

The connected buses received all pedestrian-based alerts at the signalized intersection, as shown 

in Figure 3.6. This was the most complex intersection. It had three nearside bus stops, traffic 

running both ways, and it was a junction of four north-south direction lanes and two east-west 

direction lanes. All the alerts were generated in all four directions. Most of the alerts were along 

Superior Avenue (east-west). The “NearsidePed” alerts were generated when pedestrians were on 

the crosswalks of nearside stops. Logically, the number of these alerts was the highest at this 

intersection. The “LeftsidePed” alerts were more prominent at the southwest corner of this 

intersection. This might be because there were more pedestrians along East 12th Street and on the 

crosswalk across East 12th Street going from southwest to southeast. Another reason for getting 

this “LeftsidePed” alert could be the left turn lane, which exposes pedestrians to left-turning 

vehicles. The “RightsidePed” alert was the lowest in number at this intersection. Probably, not 

many pedestrians were walking across East 12th Street from the east to the west side through the 

crosswalk. The average distance between the CenterPoint of this intersection and the “FarsidePed” 

alerts, the “NearsidePed” alerts, the “Leftsideped” alerts, and the “RightsidePed” alerts was 135.66 

feet, 168.57 feet, 101.94 feet, and 134.19 feet, respectively. So, it can be said that the alert zone 

for this signalized intersection is situated within a radius of 142.09 feet from the center of this 

intersection. 

Alerts at the Unsignalized Intersection 

Similar to the signalized intersection, the connected buses also received all the pedestrian-based 

alerts at the unsignalized intersection, as shown in Figure 3.7. This intersection was a T-

intersection with one-way roads and a nearside bus stop.  “FarsidePed” alerts were generated when 

the buses were passing through Rockwell Avenue from east to west, but these alerts were not high 

in number. The majority of the “NearsidePed” alerts were generated along the East roadway when 

the buses were approaching the intersection. Many pedestrians may have been on the crosswalk of 

Rockwell Avenue that connects the public square and Key Tower.  

The “Leftsideped” alerts were likely generated when pedestrians were along the west side of the 

East roadway or on the crosswalk of the East roadway connecting the public square and the 

courthouse. The “RightsidePed” alerts were likely generated when pedestrians were along the east 

side of the East roadway or on the crosswalk of the East roadway connecting the public square and 

the courthouse. The most numerous alerts were “NearsidePed” and “LeftsidePed.” So, from the 

magnitude of the frequency, it can be inferred that at this unsignalized intersection, pedestrians on 

the near side, left side, and right side are more at risk from upcoming buses than those on the far 

side. The average distance between the center point of this intersection and “FarsidePed” alerts, 

the “NearsidePed” alerts, the “LeftsidePed” alerts, and the “RightsidePed” alerts was 97.90 feet, 

122.64 feet, 84.48 feet, and 89.86 feet, respectively. So, it can be said that the alert zone for this 

unsignalized intersection is situated within a radius of 102.13 feet from the center of this 

intersection.  
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Alerts at the Midblock Crossing 

The midblock crossing had one midblock bus stop. Only “FarsidePed” and “NearsidePed” alerts 

were received by the connected buses at this midblock crossing, as shown in Figure 3.8. The 

“FarsidePed” alerts were received more towards the east as the buses were approaching the far 

side of the following block. The “NearsidePed” alerts were received more towards the west as 

buses were approaching another nearside bus stop. It appears that in this midblock intersection, 

there were more pedestrians in the farside and nearside areas for whom these alerts were generated 

compared to the left and right sides. It can be inferred from this data that when a bus stop is in the 

middle of the block, pedestrians at the crosswalks or curbs of nearside or farside bus stops would 

be at the risk of collision. The average distance between the midblock crossing and “FarsidePed” 

alerts was 85.20 feet, and between the midblock crossing and “NearsidePed,” it was 246.49 feet. 

So, it can be said that the alert zone for this midblock crossing is situated within a radius of 169.78 

feet from the center of this intersection.  

As this study does not have a large enough sample size to conclude these claims in general for all 

signalized, unsignalized, or midblock intersections, further study is needed. 

Discussion  

Performance of EPCW 

To understand the performance of EPCW, pedestrian crash frequencies were observed. But the 

frequency of pedestrian crashes for three intersections was negligible from 2014-2018. The 

research report on the E-TRP pilot project found that over the six-month study period, connected 

bus drivers’ response to PCW alerts increased by 16%, and average drivers’ reaction time to the 

PCW warning situation decreased by 18% (14). These SSMs indicated that connectivity can help 

bus drivers to react more quickly over time and increase pedestrian safety. In this study, a unique 

SSM called MTDI was developed to quantify the efficacy of EPCWs at different intersections. 

Figure 3.9 shows the MTDI values for three intersections for six months and their trendlines. The 

trendline for signalized intersection is downward sloping, indicating that MTDI decreased over the 

period. It can be inferred that EPCW alerts were not as effective as expected at this intersection. 

MTDI at the unsignalized intersection showed an upward sloping trendline, indicating that the 

mean time difference of connected buses to reach this intersection increased with time. Hence, 

EPCW alerts were effective at the unsignalized intersection. MTDI for midblock crossing excludes 

August, as it had only three “WarnAlerts.” From March to July, MTDI at midblock crossing also 

had an increasing slope, which indicated that EPCW was also effective at the midblock 

intersection. Considering all SSMs and the dataset, it was evident that EPCW has the potential to 

improve pedestrian safety at intersections. With connectivity in transit, the unsignalized 

intersection and the midblock crossing intersection of the study area had higher potential for 

improvement, based on analysis of the data. However, this is the observation from the data, which 

can change based on further evidence. The area needs further investigation to understand which 

intersection has more potential for improvement than the others with CV technologies. 

Land Use 

Land use around the three intersections is shown in Figure 3.10. All three intersections are located 

downtown, which is mainly a commercial area. The area also has some plots that are used for green 

space, industrial, institutional, residential, and utility purposes. The signalized intersection is 
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surrounded by three commercial buildings (various restaurants, offices, and banks) and one 

residential building (commercial spaces and some apartments). The unsignalized intersection is 

surrounded by a green space (Public Square), one institutional building (Court House), and a 

commercial building. The midblock crossing is surrounded by institutional buildings (Marshall 

College of Law) and commercial buildings. Apparently, commercial areas remain busy during 

office hours on weekdays and remain quiet during the weekends. It is predictable that there will 

be more pedestrians at these intersections during the rush hours and office hours on the weekdays 

compared to the other times of the days and weekends. Therefore, the frequency of alerts at these 

intersections is also expected to follow a peaking pattern.  

Temporal Distribution of EPCW 

The time series analysis has been conducted to see underlying patterns of how the alerts are 

distributed over time, as shown in Figure 3.11. For all three intersections, higher frequency (100-

200+) of alerts is mainly observed from 10 am to 11 pm and some lower frequency (<100) of alerts 

are observed between 12 am to 9 am. The signalized intersection has more alerts between 12 am 

– 3 am compared to the other two intersections. Overall, alerts are negligible to low on weekends 

and moderate to high on weekdays for all intersections in all months. Some of the highest 

frequency of alerts (around 200s) has been observed on the Fridays of June and 1st Monday and 

last Wednesday of July at the signalized intersection. Overall, the temporal distribution of the alerts 

resonates with the busy hours of the surrounding land uses.  

Notably, the signalized intersection has no alerts on most days in March and April because the 

project’s connected buses did not take that route on those days. Similarly, the connected buses also 

had fewer operational days in March and April compared to the other three months along the route 

of the unsignalized intersection. Although the alert frequency is lesser in the midblock crossing 

compared to the other two intersections, the midblock intersection has a similar pattern of alert 

distribution for all five months. 

Limitations 

This study could only analyze the alerts through descriptive statistics and some spatial analyses 

because of the few sample intersections. Robust statistical models could not be run to show the 

associations between types of alerts and characteristics of intersections. As the number of bus-

involved pedestrian crashes was not significantly high in the study period, it was irrational to draw 

any conclusion from them. Utilizing GPS data for spatial analysis at a microscopic level held the 

possibility of error in the calculation as GPS locations do not always fall in the correct position.  
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Figure 3.5. Categories of bus stops based on their curbside location  

Source: TCQSM 3rd Ed. (78) 
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Figure 3.6. (a) All, (b) “FarsidePed,” (c) “NearsidePed,” (d) “LeftsidePed,” and (e) “RightsidePed” 

alerts at Signalized Intersection  

(a) 

(b) (c) (d) (e) 
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Figure 3.7. (a) All, (b) “FarsidePed,” (c) “NearsidePed,” (d) “LeftsidePed,” and (e) “RightsidePed” 

alerts at Unsignalized Intersection  

(a) 

(b) (c) (d) (e) 
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Figure 3.8. Pedestrian based alerts at Midblock Crossing 
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Figure 3.9. Trendline of MTDIs at intersections 
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Figure 3.10. Land Use around the three intersections of the study area 
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Figure 3.11. Timeseries heatmap of Alerts at intersections 
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This study developed a framework for exploiting BSM data to identify alert zones for transit buses 

and pedestrians. But the results might not be generalizable for other cities because of differences 

in pedestrian and vehicle density, geometric design of the intersections, and weather. Another issue 

was the unavailability of vehicle trajectory data for the many unique alerts. Those alerts could not 

be used as their GPS locations could not be traced. 

Lastly, false alerts in the data could not be identified and removed because of the unavailability of 

video footage of the test runs and no mention of false alerts in the published dataset. The research 

report published by FTA indicates that along with false alerts, incorrect alerts were present in this 

dataset. False alerts were those alerts that the detector generated when no pedestrian was present 

at the bus stop. On the other hand, incorrect alerts were generated when the detector identified an 

incorrect location of the pedestrian. Specifically, false alerts occurred due to lighting and 

environmental conditions, and incorrect alerts occurred due to the proximity of the zones in this 

project. To detect the rate of acceptable alerts, The E-TRP project team used 15% of the EPCW 

alerts as samples. Among the samples analyzed, 81% were correct, 10% were incorrect, and 9% 

were false alerts (14). As the majority of the alerts of the sample were correct, the authors of this 

study have decided to proceed with the analysis of the data. 

Conclusion 

Addressing safety challenges at intersections can be accomplished through the use of innovative 

technologies and the application of data science. The emergence of CAVs has introduced a new 

branch of unique datasets that can be harnessed for such safety studies. Examining data from the 

CAV pilot projects at a microscopic level can yield benefits for drivers and pedestrians at 

intersections. This study aims to understand the nature of pedestrian-based alerts received by 

connected buses at three different types of intersections. Of interest was the type and frequency of 

pedestrian-based alerts and how they differed across different intersections. Another matter of 

interest was to see if these alerts can assist in identifying alert zones where bus drivers should be 

careful to avoid potential pedestrian bus collisions. Alert zones were identified spatially in GIS. 

Since the data was a unique BSM dataset, collected from credible sources and error-checked 

through descriptive statistics, the data seems valid and contributed to the findings. 

Key findings are worth mentioning. First, the location of receiving pedestrian-based alerts might 

depend on the type of bus stop location. The midblock crossing received only “FarsidePed” and 

“NearsidePed” alerts, whereas the other two intersections received all four types of pedestrian-

based alerts. Second, based on the data collected in this pilot project, the signalized intersections 

received the most EPCW alerts, followed by the unsignalized and the midblock intersections. 

However, this finding does not confirm which intersection has more potential for improvement, 

and further studies are needed in this area. With the full deployment of CV transit, researchers may 

recognize which intersections have greater potential for pedestrian safety improvements. Third, 

“NearsidePed” was the most generated alert type in all three intersections. The next most generated 

alert was “LeftsidePed,” although midblock didn’t have any “LeftsidePed” alert. Fourth, Alert 

zones were identified within a radius of 142.09 feet, 102.13 feet, and 169.78 feet from the center 

of the signalized, unsignalized, and midblock crossing intersections, respectively. Presumably, if 

transit drivers are more vigilant when entering and driving through these alert zones, then they 

may be able to avoid collisions with pedestrians. Finally, based on the data in hand, the novel SSM 

MTDI metric showed that the unsignalized and midblock crossing intersections in the study area 
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had more time to reach the middle of the intersection than the signalized intersections for 

pedestrians after applying connectivity.  

This study highlights the importance of connectivity technology by traversing the usefulness of 

BSM alerts in enhancing pedestrian safety. As the findings are based on the unique CV transit bus 

data, they contribute to the analysis of ongoing experiments on connected vehicles. During the 

test, alerts were successfully provided to drivers. This shows that the system can successfully sense 

pedestrians and provide alerts to bus drivers. Overall, this study provides early evidence about the 

performance of EPCW technologies, which is relevant to policy makers who aim to promote safe 

roads for all users. Notably, EPCW deployment can be considered as an option in other contexts, 

given their successful implementation at intersections in this case study. The paper will also be 

useful for transportation analysts as it contributes a methodology that harnesses BSM data 

generated by new sensors to improve the safety of transit and pedestrians. The methods used in 

this paper to identify alert zones and calculate MTDI can be applied immediately. Transit agencies 

might install these connectivity systems in their buses and intersections along their route to collect 

BSMs and analyze the BSMs to identify alert zones for each intersection. Transit agencies can 

share this information with the transit drivers so that they can be more cautious about the presence 

of pedestrians and drive more safely in and around intersections. By checking the MTDI of the 

intersections over time, transit managers can identify dangerous intersections and implement 

safety countermeasures.  

Conversely, it is evident from the FTA report (14) that although GCRTA highly valued the EPCW 

system and expressed their keen interest to deploy the system in the future, they did not continue 

to use the technology (OBUs and DSRC RSUs) after the pilot ended. This is because the transit 

agency’s current budgets fell short to cover the full deployment of the EPCW infrastructure across 

their transit network. Such outcomes are a common phenomenon in similar pilot projects. To 

accelerate the diffusion and deployment of promising technologies, agencies can undertake a 

phased deployment of successful transit technology and install the systems at their most vulnerable 

intersections initially, where the technology is likely to have a substantial and high impact. In this 

instance, GCRTA could continue investing in the technology instead of removing it from the 

network’s study area and later expand deployment to other vulnerable areas. Similarly, other transit 

agencies that conduct such tests should consider continued investment from testing to technology 

deployment (if sufficient benefits were found) rather than removing the transit technology at the 

conclusion of the technology pilot. The issue of maintenance cost of the technology would need 

to be addressed by the transit agency as well.   

Finally, the success of EPCW in this case study provides the motivation for further investigation 

of the technology. Future studies can investigate the creation and impacts of different types of 

alerts and warnings temporally and in diverse spatial settings. Investigating the frequency of alerts, 

precisely “WarnAlert,” at unique intersections such as midblock crossings and roundabouts would 

be an interesting topic for future research. By including more intersections, factors contributing to 

different types of alerts at different intersections can be identified through robust statistical models. 

Future efforts should focus on associating BSM alerts with variables such as crashes, road 

geometry, traffic signal design, exposure data like pedestrian and vehicle flow at intersections, bus 

driver characteristics, speed, acceleration, reaction time, stopping sight distance of CVs, socio-

economic characteristics of the area, and surrounding land uses to further the understanding on 

bus-involved pedestrian crash studies.  
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CHAPTER 4. A SYNTHESIS AND COMPARISON OF AMERICAN 

AUTOMATED SHUTTLE PILOT PROJECTS 
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Abstract 

Automated shuttles are an emerging mode of transportation in many American cities, but it is not 

yet well understood where they should be deployed. Therefore, the study aims to synthesize the 

state of the practice of automated shuttle pilot projects to identify patterns of shuttle deployments 

in the United States. The case study approach is used as the method. Nineteen ongoing or 

completed automated shuttle pilot projects are initially identified. Among them, automated shuttle 

projects in Ann Arbor, Michigan; Arlington, Texas; San Ramon, California; Denver, Colorado; 

Las Vegas, Nevada; and Minneapolis, Minnesota are chosen to study in detail to identify patterns. 

The key findings are used to develop a synthesis of the state of the practice, which is formulated 

along three dimensions: deployment locations, service characteristics, and stakeholders. The 

dimensions suggest that university campuses, stadiums, office parks, transit stations, entertainment 

areas, and downtowns are well-suited locations for automated shuttle operations. Common service 

characteristics are low speeds (10-15 mph), vehicle capacities of 6-12 passengers, short routes 

(less than a mile) with few stops, and free fares. Stakeholders are divided into four groups: public 

organizations, partner organizations, shuttle manufacturers, and private operators. Deployment 

locations influence the types of service characteristics and stakeholder combinations of each 

deployment project. These findings will assist cities that are considering future deployments of 

automated shuttles in their locality. 

Introduction 

The introduction of automated vehicles (AV) is expected to bring about momentous change in the 

transportation industry. As part of this movement toward AVs, automated shuttles have recently 

been deployed in many American cities. According to the Federal Transit Administration’s (FTA) 

Strategic Transit Automation Research Plan of 2018, automated shuttles are small, low speed 

(generally less than 25 mph) vehicles that “do not require a human operator, although early 

demonstrations all have included an on-board human attendant to observe passengers, record data, 

answer questions, and serve as a safety operator if needed” (79). These shuttles typically meet the 

Society of Automotive Engineers (SAE)’s definition of Level 4 automation, which is a high 

automation mode in which the system uses an automated driving system that involves the driver’s 

assistance in some situations. Additionally, the shuttles are typically “limited to operating in 

certain environments such as parking lots, busways, campuses, downtown districts, and retirement 

communities” (79).  

To prepare for the future of the transportation system, the United States Department of 

Transportation (USDOT) has outlined guiding principles for automated vehicles (80); however, 

this policy document does not have specific guidance for automated shuttles. To guide the transit 

industry, particularly in the case of automated shuttles, the FTA has initiated a five-year-long 

research plan to communicate deployment decisions; this is currently underway and will continue 

through 2022 (79). As this initiative is still underway, it would be helpful to provide planners and 

policymakers an opportunity to learn about the initial similarities, differences, and key findings of 

early automated shuttle projects. Therefore, this paper aims to create an initial synthesis and 

comparison of the state of the practice of automated shuttle pilot projects, which can be insightful 

for American cities that are interested in deploying automated shuttles. 

The chapter is organized as follows: first, prior research on automated shuttles is reviewed, and 

the objectives of this research are set forth. Then, the case study method is used; this includes 
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identifying ongoing or successfully completed deployments in the United States and selecting six 

unique cases to study in detail. The case study results are then used to formulate the state of the 

practice along three key dimensions: deployment locations, service characteristics of the shuttles, 

and stakeholders who are involved in the project. This is followed by areas for future research and 

the conclusions.  

Prior Research 

Research on automated shuttles is being undertaken by many countries. European research is 

arguably the most advanced. Thus, this brief literature review will focus on European research as 

well as American research. For a more comprehensive literature review, readers are referred to 

(81).  

European research on automated shuttles 

Many deployment projects have taken place in the form of demonstrations, pilots and showcases 

in Europe, among which Citymobil2, WEpod, and CarPostal are noteworthy (82-85). The 

Citymobil2 project analyzed twelve automated shuttle deployments and classified their 

deployment locations into four types: city centers, within a “major facility,” from a public transport 

node to a major facility, and from a public transport node to a residential area.  

Other studies have analyzed automated shuttles from the perspective of users, including travel 

behavior, demographics, and user perceptions of safety (86-88). One study conducted a stated 

preference survey to understand the user perspective of shared AVs as a potential solution for last 

mile trips from transit stations and found that first class train travelers are more likely to choose 

shared AVs as their egress mode (89). Another study surveyed actual users of automated mini 

buses and found that regular users tended to be younger people; additionally, passengers generally 

did not have concerns about safety or security onboard (88). A third study conducted surveys of 

the passenger experience after travelling in a driverless shuttle bus and concluded that passengers 

perceived driverless shuttle bus safety to be better than that of conventional buses, whereas 

personal in-vehicle security was weaker than that of conventional buses (87). 

The economics and cost effectiveness of automated shuttles have been discussed by many authors 

(90-92). One early study used simulation techniques to develop automated demand responsive 

transport service (ADRTS) scenarios and found that operational costs are likely to be similar to 

current bus systems but less than traditional demand responsive services, primarily because 

ADRTS eliminates driver costs and scheduling constraints (93). Another noteworthy study 

concluded that deployment of automated shuttles will be competitive if demand is sufficient when 

deployed in dense urban areas (94).  

American research on automated shuttles 

The United States is arguably lagging behind European countries in terms of automated shuttle 

deployment and research, even though there has been some background research (81). Most 

American studies on the user perspective were done prior to automated shuttle deployment (95; 

96). Two of these studies have revealed some skepticism about shuttle safety. For example, one 

study reported that parents may be unwilling to send their children to school in automated shuttles 

(96). Another study of transit riders found that their willingness to ride in a driverless shuttle 

increases significantly with the presence of onboard safety staff (95). However, it is likely that 
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attitudes will change after more Americans have experienced riding in an automated shuttle in the 

future. A limited amount of research has been undertaken on the economic aspects of the 

automated shuttle deployments in the United States; one noteworthy study showed the cost 

efficiency of automated shuttles over paratransit services (97). 

The next segment of prior work includes the studies that were undertaken since American cities 

started deploying automated shuttle pilot projects. To date very few relevant academic works have 

been published on automated shuttles because the shuttles are still in their test phases. The Eno 

Center for Transportation published a report titled “Beyond Speculation 2.0: Automated Vehicles 

and Public Policy,” which contains policy recommendations for testing automated vehicles on 

public roads (98); however, the report is for automated vehicles, it is not specific for automated 

shuttles. The most relevant reference for this study is a report by Volpe National Transportation 

Systems Center of the United States Department of Transportation that analyzed the state of the 

practice of automated shuttle projects in 2018. The report analyzed a few national and international 

pilot projects, and it summarized the vehicle and service characteristics of the automated shuttles, 

identified the parties involved in development, elaborated on the issues related to the shuttles’ 

deployment, and provided mitigation strategies for resolving those issues (99). This synthesis is 

build upon this report.  

Gaps in research on automated shuttles 

The prior research mentioned in the previous sections has studied automated shuttle deployments 

up until 2018. However, this is a rapidly changing area and many new pilot projects have launched 

after 2018, particularly in the United States. Patterns of pilot project likely exist, but there has been 

limited effort to document them. This synthesis study seeks to address this research gap. 

Objectives 

Given the rapid advancements in automated shuttle pilots in the United States, the objective of this 

study is to synthesize the current state of the practice of automated shuttle pilot projects in the 

United States along three dimensions: locations, service characteristics, and stakeholders. The first 

dimension, locations, examines areas where shuttles have been deployed. The second dimension 

refers to the service characteristics such as fares, the presence of onboard staff, right-of-way, route 

length, speed, stops, and vehicle capacity. The third dimension considers the stakeholder 

organizations that are involved in the deployment, operation, and manufacturing of these 

automated shuttles. The methodology used for this study is discussed next. 

Methodology 

The case study method was chosen to conduct this research for two reasons: (1) deployment of 

automated shuttle is a contemporary event and (2) the researchers do not have any control over the 

events relevant to the research. According to Yin, the case study method is appropriate for this 

kind of research (100). To conduct the case study analysis, a four-step process was used in this 

study as shown in Figure 4.1. 
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Figure 4.1. Methodology 
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The first step was to identify as many automated shuttle pilot projects as possible in the United 

States to make a comprehensive list. The pilots were identified by searching online. This study 

considered only active or completed project; any planned, postponed, or cancelled projects were 

excluded from the study. It should also be noted that only pilot projects open to the broader public 

were considered; exclusive/internal projects like one for the United States Army at Fort Bragg 

were excluded from this study (101). 

In the second step, a smaller number of pilot projects from the comprehensive list were selected 

for further study. This selection was based on (1) different location types and (2) the amount of 

publicly available information. Each of these cases also involved an automated vehicle with a 

capacity of six to twelve passengers serving the general public along a fixed route. 

In the third step, each case was summarized. The summary of each case included the project’s 

deployment location, launch time, speed, route length, number of stops, vehicle capacity, ridership 

market, the presence of onboard staff, project’s aim, project completion time, and key findings if 

it was a completed project. 

In the last step, a synthesis of the key findings of the case studies was created along three 

dimensions: type of location, service characteristics, and key stakeholders. 

Results 

Identification of pilot projects 

Deployment of automated shuttle pilot projects began in 2016 in the United States. Initial pilots 

were typically deployed in research centers to test shuttle technology. Gradually, deployment 

locations were expanded to include different types of roads and environmental conditions in 

different cities. This list contains all of the automated shuttle cases that were deployed up until 1st 

June, 2019, to the best of authors’ knowledge. As can be seen in Table 4.1, there were six pilot 

cases on university campuses, three cases in entertainment areas, three cases near transit stations, 

two cases in the vicinity of stadiums, one case in an office park area, and one in a downtown area. 

At least three cases serve multiple locations: Detroit, Columbus, and Providence. 

Selection of cases 

Six unique cases were selected from Table 4.1. These case studies are intended to be representative 

of their general location type. Each of these cases were either ongoing or completed and served 

the general public. The selected cases were the automated shuttle projects in Ann Arbor, Michigan 

(MI); Arlington, Texas (TX); San Ramon, California (CA); Denver, Colorado (CO); Las Vegas, 

Nevada (NV); and Minneapolis, Minnesota (MN). A brief summary of each case is provided in 

the next section and Table 4.2. 

Summary of the selected cases 

Case Study 1: Ann Arbor, Michigan  

The University of Michigan (U-M) ran two automated shuttles on Mcity’s test ground from June 

2018 to December 2019. The shuttles ran on U-M’s North Campus research complex’s Plymouth 

Road. The route was one mile long and had two stops. Speeds were approximately 12 mph, and 

the shuttles had a capacity of 11 passengers. The primary riders of these shuttles were U-M’s 

students, faculty and staff and their escorted guests. An onboard staff person stayed inside the 
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shuttles to handle emergency situations. Through this pilot project, Mcity was observing the 

reaction of other vehicles, pedestrians, and riders with the shuttle’s exterior and interior cameras. 

The project aimed to understand user acceptability of automated shuttles (102-104). 

Case Study 2: Arlington, Texas  

In the one-year pilot project “Milo”, the City of Arlington tested Easymile’s automated shuttle on 

an off-street trail from August 2017 to August 2018. Milo had three routes inside Arlington’s 

entertainment district: the AT&T Stadium Events route (0.44 mile), the Globe Life Park Events 

route (0.285 mile), and the Public Demo route (0.47 mile). Each route had two stops. The shuttles 

ran at a speed of approximately 15 mph. Vehicle capacity of the shuttles were 12 passengers, or 

10 passengers when a one wheelchair was inside. The shuttle had an onboard staff member for 

safety reasons. Project Milo held 17 public demos and 18 special interest group demos, in addition 

to serving 78 events such as football games, baseball games, and concerts. It gave free rides to 

visitors on event days, such as sports games (105; 106). 

Case Study 3: San Ramon, California  

In San Ramon’s pilot project, the Contra Costa Transportation Authority (CCTA) led a test of 

manufacturer EasyMile’s automated shuttle. The first phase occurred in 2017 inside Bishop 

Ranch’s office park; in the next phase, the project has plans to test the shuttles on a public street 

that bisects Bishop Ranch. The shuttles ran at approximately 12 mph, and the vehicle capacity was 

12 passengers. Initially, the shuttles were being ridden only by shuttle operators, but newer phases 

will allow selected employees of Bishop Ranch to ride. An onboard staff person was always 

present to stop the shuttle in emergency situations. The ultimate plan is to extend the shuttles’ 

service route to a Bay Area Rapid Transit station and San Ramon city center (107-112). 

Case Study 4: Denver, Colorado  

Denver’s automated shuttle pilot project – Route 61AV – ran from January to August 2019 and 

was led by the local transit agency, the Regional Transit District (RTD), and the City of Denver. 

The shuttle served a one-mile circulatory loop that started at the 61st and Peña commuter rail 

station and continued past the companies Panasonic and EasyMile’s offices. The shuttle ran at an 

average speed of 12-15 mph, and it stopped at four stops every 15 minutes. The shuttle had a 

vehicle capacity of 12 passengers. An onboard staff person was present to answer questions and 

ensure the safety of passengers. The project ended after giving free rides to almost 600 people 

(113-115). 

Case Study 5: Las Vegas, Nevada  

In the automated shuttle pilot in Las Vegas, the American Automobile Association (AAA) led a 

pilot of manufacturer Navya’s shuttle from November 2017 to October 2018. The shuttle ran on 

Fremont Street in mixed traffic, which was the first pilot project where an automated shuttle 

operated in mixed traffic in the United States. Despite having a minor crash on its launch day, the 

project continued. The shuttle ran at approximately 15 mph on a 0.6-mile-long loop that had three 

stops. This shuttle had a vehicle capacity of eight people. It gave free rides to 32,827 people, who 

were typically tourists, residents, and local business people. An onboard staff person was present 

who could take action if an emergency occurred. AAA surveyed riders and found that 30% of 

shuttle riders agreed that they have more positive attitudes towards AV technology after riding on 

the automated shuttle. Similarly, 98% of riders said they would recommend a shuttle ride to their 

friends and family (116; 117). 
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Case Study 6: Minneapolis, Minnesota  

In the initial phase of an automated shuttle demonstration in downtown Minneapolis, the 

Minnesota Department of Transportation (MnDOT) led a three-day demonstration of an automated 

shuttle from January 26th to January 28th 2018 during the Super Bowl weekend. A street in front 

of the Minneapolis Central Library called Nicolett Mall between 3rd and 4th Street South was 

blocked off from other vehicles and pedestrians to make way for the demonstration. The shuttle 

ran at approximately 12-15 mph, had two stops, and had a vehicle capacity of 12 passengers. 

Onboard staff members were present inside the shuttle to talk to the riders and survey them during 

the demonstration (118). Additional demonstrations were held that spring in other locations, 

including one on the University of Minnesota’s campus. Key characteristics of these cases are 

shown in Figure 4.2. 

Synthesis of the state of the practice 

The synthesis of the state of the practice was developed along three dimensions, which are 

interrelated. The following sections will describe the dimensions and their relationship with each 

other (Figure 4.2). 

Dimension 1: Locations 

Six types of deployment locations were identified from the initial list of existing pilots shown in 

Table 4.1, which were university campuses, stadiums, office parks, transit stations, entertainment 

areas, and downtowns. Based on the six in-depth case studies, it can be concluded that all of these 

location types were in populated areas within a metropolitan region that requires good 

transportation facilities to reduce congestion and/or increase accessibility. However, the six case 

studies revealed that the different location types had unique characteristics pertaining to circulation 

patterns, service frequencies, and ridership markets, as described briefly below. 

The university campus shuttle circulated in a loop between the different buildings of the campus, 

whereas the stadium shuttle operated on a linear route between nearby parking lots and the stadium. 

The office park shuttle circulated between parking lots and office buildings, while the transit 

station shuttle served transit stations and nearby destinations. The entertainment area shuttle 

circulated in a tourist area, whereas the downtown shuttle different locations in a dense downtown 

area. The results of the six case studies also revealed that service frequencies varied, which may 

have been influenced by the type of deployment location. For example, the stadium shuttle ran 

more frequently on game days, whereas the university campus shuttle likely operated most 

frequently during the academic semester. The ridership market appears to have varied from 

location to location. For example, the university campus shuttle was intended to transport students, 

faculty members, staff, and campus visitors. The stadium shuttle primarily transported fans and 

visitors on game days, whereas the office park shuttle presumably served employees coming from 

nearby parking lots. The transit station shuttle aimed to address the first mile-last mile problem of 

transit riders, whereas the entertainment area shuttle appears to have been deployed to serve 

tourists. In summary, it can be concluded that the circulation patterns, service frequencies, and 

ridership markets vary depending on the deployment location. Based on these case studies, a 

typology of automated shuttle deployment locations was developed. This is shown in Table 4.3, 

and it reflects important choices among the six different location types for future deployments.  
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Table 4.1. Timeline of automated shuttle deployments 

# Place/City, 

State 

Deploying 

Organization 

Shuttle 

Manufacturer 

Launch Date Deployment 

Location 

References 

1 National 

Harbor, 

Maryland 

Local Motors, 

IBM 

Local Motors 16th June, 2016 Entertainment 

Area 
(119; 120) 

2 San Ramon, 

California  

Contra Costa 

Transportation 

Authority 

(CCTA), Bishop 

Ranch Office 

Park 

EasyMile 6th March, 2017 

 

Office Park  (107-112) 

3 Jacksonville, 

Florida  

 

Jacksonville 

Transportation 

Authority (JTA) 

EasyMile One-day 

demonstration 

on 8th March, 

2017; 2nd phase 

began on 27th 

March, 2018 

Stadium (121; 122) 

4 Greenville, 

South Carolina  

Greenville County Cushman August 2017 University 

Campus 
(99; 123) 

5 Arlington, 

Texas  

 

City of Arlington EasyMile 26th August 

2017 

Stadium (105)(108) 

6 Las Vegas, 

Nevada  

 

American 

Automobile 

Association 

(AAA) 

Navya 8th November 

2017 

Entertainment 

Area 
(116; 117) 

7 Weymouth, MA LStar Ventures Optimus Ride 2018 Transit Station (99) 
8 Minneapolis, 

Minnesota  

Minnesota 

Department of 

Transportation 

(MnDOT) 

EasyMile 26th to 28th  

January, 2018 

Downtown (118) 

9 Gainesville, 

Florida  

 

Gainesville 

Regional Transit 

System; Florida 

Department of 

Transportation; 

University of 

Florida 

EasyMile May 2018 University 

Campus 
(124-126) 

10 Ann Arbor, 

Michigan  

University of 

Michigan, Mcity 

Navya 4th June, 2018 University 

Campus 
(102-104) 

11 Dublin, 

California 

 

Livermore 

Amador Valley 

Transit Authority 

(LAVTA) 

EasyMile 22nd June, 2018 Transit Station (127) 

12 Detroit, 

Michigan  

Bedrock, a 

property 

management 

company 

MayMobility 27th June, 2018 Downtown 

/Office Park 
(128; 129) 

13 Lincoln, 

Nebraska  

City of Lincoln 

Nebraska 

Navya 28th June, 2018 University 

Campus  
(130; 131) 

14 Columbus,  

Ohio  

City of Columbus MayMobility 10th December, 

2018 

Entertainment/ 

Downtown 
(128; 132) 
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Table 4.1 Continued. 
# Place/City, 

State 
Deploying 

Organization 
Shuttle 

Manufacturer 
Launch Date Deployment 

Location 
References 

15 Denver, 

Colorado  

Denver Regional 

Transportation 

District (RTD), 

City of Denver 

EasyMile 29th January, 

2019 

Transit Station (113; 114) 

16 Tampa, Florida  

 

University of 

South Florida’s 

(USF) Center for 

Urban 

Transportation 

Research 

Coast 

Automated 

11th – 15th 

February, 2019 

University 

Campus 
(133) 

17 Sacramento, 

California  

Sacramento State 

University 

Local Motors  21st February, 

2019 

University 

Campus 
(134) 

18 Park City, Utah  

 

Utah Department 

of Transportation, 

Utah Transit 

Authority 

EasyMile 20th – 23rd May, 

2019 

Entertainment 

Area  
(135; 136) 

19 Providence, 

Rhode Island  

 

Rhode Island 

Department of 

Transportation 

MayMobility 15th May, 2019 Downtown/ 

Transit Station 
(137; 138) 

This list of automated shuttle projects was compiled by the authors to include any pilot project launched in the 

United States that was open to the public prior to June 1, 2019. This list was compiled using publicly available 

online resources; it is possible that additional pilot projects were launched during this timeframe, particularly 

those with limited or no online references.   
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Dimension 2: Service Characteristics 

Analysis of the case studies helped to identify common service characteristics of the automated 

shuttles; this includes fares, onboard staff, right-of-way, route length, route shape, speed, stop 

spacing, and vehicle capacity. All of the pilots were found to run for free during the pilot phase. 

Additionally, all of the automated shuttle pilot projects had at least one onboard staff member to 

ensure safety of the riders. The shuttles typically ran in three types of right-of-way, namely on 

roads with mixed traffic, on off-street trails, and in designated lanes. The route lengths of the pilot 

projects were typically short, ranging from 0.5 mile to 2 miles. The route shapes were either linear 

or circular. The speeds of these shuttles typically ranged between 10-15 mph. The stop spacing for 

the automated shuttles were generally 1/10th of a mile or more, and each route had at least 2 two 

stops. Vehicle capacity of the pilot projects ranged between from 6 to 12 passengers. Table 4.4 

summarizes these characteristics briefly. 

Dimension 3: Stakeholders 

Four types of stakeholder organizations were identified for these pilot projects, namely public 

organizations, partner organizations, shuttle manufacturers, and private operators. First, public 

organizations usually included the city government where the pilot was launched, the Department 

of Transportation (DOT), and/or the local transit agencies. Examples included the Minnesota 

Department of Transportation (in Minneapolis) and the RTD transit agency in Denver. Second, 

partner organizations often included universities, research centers, office parks, and/or other 

organizations. This group has significant variation; for example, the pilot in Las Vegas included 

AAA whereas the Ann Arbor pilot included the University of Michigan’s Office of Research. 

Third, shuttle manufacturers were typically private companies that manufactured, sold or leased 

their shuttles for these pilot projects. Examples included Navya, EasyMile, MayMobility, Local 

Motors, Auro (139), Coast Autonomous (140), and Continental USA (141).  Last, operators were 

responsible for the operation and maintenance of the shuttles during the project duration. For 

example, Denver had TransDev; Minneapolis, San Ramon, and Arlington’s automated shuttles 

had First Transit (142; 143); Las Vegas had Keolis North America, and U-M had U-M Logistics, 

Transportation, and Parking as their shuttle operator. Typically, these four types of stakeholders 

worked in partnership in each pilot project. The main stakeholders of automated shuttle pilots are 

shown in Figure 4.3. 

Areas for improvement and future research 

There are numerous areas for improvement and future research that emerged from this study. First, 

this project did not explicitly consider data sharing during the automated shuttle deployments; 

however, to the best of the author’s knowledge, none of the automated shuttle deployments 

examined in this study openly provide data about ridership or operations. This type of data is 

important to conduct project evaluation and should be made publicly available and/or requested 

by academic partners for future research.   

Second, this research relied primarily on publicly available documents and online resources to 

gather information; however, future research should interview or survey shuttle riders, operators, 

and other stakeholder organizations. Their opinions will be valuable for identifying other potential 

locations and service requirements of automated shuttles. Another related avenue for future 

research is potential equity issues, which should also be considered in automated shuttle projects. 

Opinions of minority groups can be assessed in a similar way to prior research for evaluating 

barriers to equity in smart mobility systems (144).   
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Some information was available about shuttle technology, but further analysis should be done for 

a deeper understanding of the technology used in each case and its associated costs. For instance, 

all of the shuttles had Level 4 automation and had onboard staff. The newest technology could 

offer fully automated modes (Level 5) and may not involve an onboard staff person. Elimination 

of onboard staff will likely save substantial operating costs. Thus, cost-benefit analysis should be 

performed to evaluate different fully autonomous shuttle scenarios, in a similar manner to prior 

research for automated driving (145).  

Last, future research should consider operations on longer routes, at different speeds, and for 

different headways to better understand the potential of automated shuttle system performance. 

Similarly, other types of automated shuttles, such as smaller sized on-demand vehicles, should be 

considered in future research. 

Conclusions 

This study presents a synthesis of the state of the practice of automated shuttles in the United States 

in order to identify early trends in automated shuttle deployments. The case study approach was 

undertaken as the method. Initially, 19 pilot projects were identified, and six case studies were 

then selected for more detailed study, including automated shuttle projects in Ann Arbor, 

Arlington, San Ramon, Denver, Las Vegas, and Minneapolis. The synthesis was formulated along 

three key dimensions.  

The first dimension was the type of deployment location. Automated shuttle projects were 

typically deployed in relatedly dense urban areas, like downtowns, entertainment areas, stadiums, 

office parks, university campuses, and transit stations. Depending on the type of location, the 

service frequency and the ridership market varied. For example, service frequency was higher on 

game days at stadiums. Similarly, tourists were likely a primary market of riders in entertainment 

areas, while employees were more likely the target market in office parks. 

The second dimension was service characteristics. Typically, the shuttles were running at low 

speeds (10-15 mph) and carried six to 12 passengers for free. The routes were up to two miles in 

length and had stop spacing as low as one stop per tenth of a mile. Right-of-way was either a 

designated lane, in mixed traffic or an off-street trail, depending on the deployment.  

The third dimension was stakeholders involved in the shuttle project. Government agencies, such 

as state DOTS, city governments, or local transit agencies, often worked in partnership with other 

organizations, such as universities or office parks, to deploy automated shuttles. Additionally, each 

project typically involved a private company that manufactured the shuttle, as well as a private 

operator to manage operations.  

In summary, this research identified three key characteristics of automated shuttle deployments in 

the United States that can help to shed light on early trends and guide other localities who are 

considering deployment of automated shuttles in the future. 
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Figure 4.2. Three key dimensions of automated shuttle deployments 
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Table 4.2. Summary of six case studies 

Case Ann Arbor, 

MI 

Arlington, TX San 

Ramon, 

CA 

Denver, 

CO 

Las Vegas, 

NV 

Minneapolis, 

MN 

Locations of Deployment 

Location 

Type 

University 

Campus 

Stadium Office 

Park 

Transit 

Station 

Entertainment 

Area 

Downtown 

Service Characteristics 

Fare Free Free Free Free Free Free 

Onboard 

Staff 

Available Available Available Available Available Available 

Right-of-way U-M campus 

roadway 

shared with 

other vehicles 

Off street 

trails near 

Arlington’s 

entertainment 

district 

Parking 

lots and  

streets of 

Bishop 

Ranch 

office park 

Regular bus 

route - 

RTD's 

newest 

route 61AV 

Downtown 

mixed traffic 

road 

The road along 

Nicolett Mall 

between 3rd 

and 4th Street 

South 

Route Length 1 mile 3 routes in 

miles: 

AT&T 

Stadium route 

= 0.44;  

Globe Life 

Park Events = 

0.285; 

Public demo 

route = 0.47 

Not 

available 

1 mile 

circulator 

route 

0.6 mile loop Approximately 

380 feet* 

Shuttles 2 2 2  1 1 1 

Speed 

(approximate) 

12 mph 12 mph 15 mph 12-15 mph 15 mph 12-15 mph 

Stops 2 6 Not 

available 

4 3 2 

Vehicle 

Capacity 

11 12 or 10+1 

wheelchair 

12 12 8 12 

Stakeholders 

Primary 

Stakeholders 

U-M City of 

Arlington 

CCTA; 

Bishop 

Ranch 

Office Park 

RTD; City 

of Denver 

AAA MnDOT 

Partner 

Organizations 

Ann Arbor 

Public 

Schools and 

First 

Responders, 

NHTSA, 

Navya 

Arlington 

Convention 

and Visitors 

Bureau, 

EasyMile 

GoMentum 

Station, 

EasyMile 

Panasonic, 

and L.C. 

Fulenwider, 

Inc., 

EasyMile 

City of Las 

Vegas, The 

Regional 

Transportation 

Commission 

of Southern 

Nevada 

(RTC); 

Zappos.com, 

Navya 

WSB and 

Associates, 

Inc., AECOM, 

3M, Colorado 

Department of 

Transportation, 

EasyMile 

Operator U-M 

Logistics, 

Transportation 

and Parking 

(LTP) 

First Transit First 

Transit 

Transdev Keolis North 

America 

First Transit 

*Estimated by the authors using Google Maps 
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Table 4.3. Typology based on locations 

Type of 

Locations 

University Campus  Stadium 

  

Office Park  Transit Station 

 

 

  

Entertainment Area  Downtown 

  

Description Circulation between 

various campus 

buildings, libraries, 

food courts, and gym  

Circulation between 

stadium complex’s 

“outside vehicle 

prohibited” zone on 

game days 

Circulation between 

different office 

buildings and parking 

lots 

Circulation between 

transit station and 

nearby destinations 

and parking areas 

Circulation between 

different tourist spots  

Circulation between 

different buildings in 

dense downtown areas 

Service 

Frequency 

- Seasonal (Semester) 

-Less frequent 

(Weekends) 

-Frequent 

(Weekdays) 

-Seasonal (On game 

days) 

-Frequent  

-Regular 

-Frequent 

(Weekdays) 

-Less frequent 

(Weekends) 

-Regular 

-Frequent (Weekdays) 

-Less frequent 

(Weekends) 

-Regular 

-Frequent (Tourist 

season) 

-Less Frequent (Off 

season) 

-Regular 

-Frequent (Weekdays) 

-Less Frequent 

(Weekends)  

Market -Students 

-Faculty & staff 

-Commuters 

-Fans 

-Attendees 

-Stadium employees 

-Office employees 

-Commuters 

-Transit riders 

-Commuters 

-Tourists 

-Commuters   

-Commuters 

-Some Tourists 

Examples  -U-M Ann Arbor, MI 

-University of South 

Florida. FL 

-AT&T stadium, TX 

 

-Bishop Ranch, CA 

-Bedrock, MI 

-Denver, CO 

-Providence, RI 

-Las Vegas, NV 

-Columbus, OH 

-Minneapolis, MN 

-Detroit, MI 
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Table 4.4. Typical service characteristics 

Service Characteristics Description 

 

Fare • Usually free 

• Fare might be introduced when market is established 

 

Onboard Staff • No driver 

• Onboard staff member for safety  

 

Right-of-way • Roadway (in mixed traffic) 

• Off-street trails  

• Designated lanes (exclusive) 

 

Route Length  • Typically short (0.5 – 2 miles) 

 

Route Shape • Circular 

• Linear 

 

Speed • Typically low speed (10-15 mph) 

 

Stop Spacing • 1/10th of a mile or more 

• Minimum of 2 stops 

 

Vehicle Capacity • Low capacity (6-12 passengers) 
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Figure 4.3. Typical stakeholders in automated shuttle projects 

 

 

 

 

 

 

 

 

 

 

 

 

 

Public Organizations

City

State DOT

Transit Agency

Others

Partner Organizations

University

Research Center

Office Park

Entertainment 
Center

Private 
Communities

AAA

Others

Shuttle Manufacturers

Navya

EasyMile

MayMobility

Local Motors

Others

Operators

TransDev

Keolis

First Transit

Others
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CHAPTER 5. INVESTIGATING CRASHES INVOLVING ADVANCED 

DRIVER ASSISTANCE SYSTEMS (ADAS) EQUIPPED AUTOMATED 

VEHICLES - THE ROLE OF AUTOMATION 
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Abstract 

While the market penetration of vehicle automation technologies, including advanced driver 

assistance systems, has increased, many vehicles equipped with such technologies have been 

involved in traffic accidents. Hence, it is becoming a prime concern for the transportation safety 

industry to understand the safety of automated vehicles (AVs). This study contributes to AV safety 

by analyzing crashes of Society of Automotive Engineers Levels two, or lower Advanced Driver 

Assistance Systems (ADAS) equipped AVs. The objective of this study is to explore the 

association between crash severity and various factors responsible for AV crashes. To this end, 

real-world ADAS-equipped AV crash data collected by National Highway Traffic Safety 

Administration are harnessed. After preprocessing the data, 315 AV crashes from August 2019 to 

May 2022 are finalized for analysis. An ordered logistic regression model is used to investigate 

the association of various factors of severity of AV crashes when ADAS system is engaged. 

Among the crashes, 71% are Property Damage Only, 26% are Injury, and 3% are Fatal or Severe 

Injury crashes. The results indicate that Tesla involved crashes showed 25% lesser chances of 

Injury type crash and 7% lesser chances of Fatal or Severe Injury crash compared to other ADAS-

equipped AVs. AVs of >4000 pounds is associated with 4% higher chances of Fatal Injury 

compared to ADAS-equipped AVs of ≤3500 pounds. Fatal or severe crash rates (70.00%) are 

higher for Tesla, but Injury crash rates are (90.48%) higher in non-Tesla AVs. The findings can 

help AV manufacturers and safety practitioners enhance the safety of AVs.  

Introduction 

Today, traffic accidents, injuries, and fatalities are the major concern of the transportation industry. 

An increasing number of severe traffic accidents is one of the adverse impacts of increasing 

transportation demand. In recent years, traffic fatality has been rising significantly. According to 

the United States National Highway Transportation Safety Administration (NHTSA), 42,915 

people were killed in traffic accidents in 2021 (146), while there were 38,824 fatalities in 2020 

and 36,096 fatalities in 2019 (147). This statistic raises concern about the safety of road 

transportation. 

With the increase in emerging vehicle technologies, improvement in transportation safety is highly 

expected. Many on-road vehicles have recently been equipped with low automation technologies 

(Society of Automotive Engineers, SAE Level two or lower), including Advanced Driver 

Assistance Systems (ADAS), to improve their safety performance. Among these vehicles, the 

market penetration of Tesla, one of the growing automated vehicle manufacturer companies in the 

US, has considerably increased. Hence, in recent years, the number of Tesla vehicles involved in 

crashes has risen. Investigating such crashes can provide helpful information about the 

performance of ADAS technologies. To this end, this study explores the association between crash 

severity and various factors responsible for crashes in AVs. This study contributes to the 

knowledge body of automated vehicle safety by conducting a case study on ADAS-equipped AVs. 

The study uses real-world crash data from NHTSA’s website regarding ADAS-equipped AVs. 

This study explores the association of crash severity with ADAS-equipped AVs, which will help 

gain a more profound knowledge of ADAS technologies’ performance. An ordered logistic 

regression is developed to investigate the factors associated with the severity of crashes involving 

ADAS-equipped AVs. The model estimates the chance of various levels of crashes in different 

AVs (Tesla and Not-Tesla), which might be interesting and valuable for both manufacturers and 
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safety practitioners. The model can be immediately adopted by automated vehicle safety 

researchers for similar studies.  

Literature Review 

As AV technology is emerging, it is becoming a prime concern for the transportation safety 

industry. SAE has defined six driving automation levels: level zero indicates no driving automation 

and level five indicates full driving automation in motor vehicles (148). The manufacturers are 

either technology giants like Google, Uber, and Baidu (149) or traditional vehicle manufacturing 

companies like Toyota, Nissan, and General Motors (150), who are improving their vehicles 

constantly to achieve the highest level of automation and deploy fully autonomous vehicles. 

Currently, SAE level three and level four automation are being tested on public roads (150) and 

SAE levels one and two are deployed on US roads (151). However, only the California Department 

of Motor Vehicles has recently launched reports on SAE high-level AV crashes in California. This 

is one of the most recognized datasets for AV crashes which is utilized by a few studies (150; 152-

156). Hence, the existing literature is limited in the safety analysis of lower-level AVs and their 

crash severities.  

The most frequent type of crash happening to AVs is rear-ended collision in mixed-land use areas 

(154). Crash severity is reported to increase significantly when the AV is responsible and crashes 

are affected if the AV is in the automated mode, the crashes involve Vulnerable Road Users (VRU) 

and the roadway environment (150). The analysis of VRU-involved AV crashes revealed that 

pedestrians and bicyclists are indirectly and directly involved in AV crashes, respectively. It also 

found that direct VRU-involved AV crashes are more likely to occur when an autonomous mode 

is engaged than indirectly VRU-involved AV crashes (153). Besides, weather, degree of vehicle 

damage, crash location, and collision type were also found as contributing factors for AV crash 

severity (152).  

AV crash severity-based studies have utilized various automation factors like Adaptive Cruise 

Control (ACC), autopilot mode, vehicle characteristics, driver characteristics, road geometry, and 

environment to realize their impact on crash types and severity. One study on driver’s cognitive 

workload found that the self-reported workload for manual driving is 43.5%, for ACC driving is 

38.6%, and for highly automated driving (HAD) is 22.7%. This indicates that drivers of higher 

level automation are more likely to be disengaged while drivers remain more attentive in vehicles 

with ACC (157). Another study found that, among different types of maneuvering, stopping at the 

intersection with having the autonomous mode on has caused more rear-end AV crashes (158). 

Lane change collision was found to be the second type of pre-crash scenario that mostly happens 

in AV crashes. The main reasons behind these AV crashes are the gap between AV and human 

driver’s perception-reaction time (PRT), AV’s failure to identify the intent of other drivers to 

change lanes, and miscalculation of time and space in AV path planning (159). Among the road 

types, arterials were found to have a higher likelihood of injury involved in AV crashes, but 

collector roads were not found to have a statistically significant association with crash severity in 

fixed parameter Bayesian models (154). Studies have shown that AVs can better detect pedestrians 

in daylight compared to poor lighting conditions (160-162). AVs have been compared to 

conventional vehicles using pre-crash scenarios and AVs were found to be rear-ended by 

conventional vehicles 1.6 times more than the times the conventional vehicles are rear-ended 

(159). 
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The key gap in the literature is that previous studies have not explored the impact of different 

models (year and make) of the same manufacturer company’s automated vehicles on their crash 

severities. Existing AV crash severity studies are conducted only on California’s AV crash data. 

NHTSA’s ADAS-equipped AV crash data is a rich dataset that allows one to study AVs' crash 

severity, which comes with level 2 automation in the US. This study will help to draw a clear 

picture of the association of factors in different AVs and the severity of their crashes. The study 

will also assist researchers in understanding the performance of ADAS in level 2 or lower 

automation level vehicles. The similarities and differences between all AVs and only Tesla crash 

severities will be clear from this study.  

Methods 

In this section, the used methodology of this study is presented. First, the collection of the data and 

data preprocessing and aggregation are discussed. Second, the cleaned database and the ordered 

logistic regression to obtain the crash severity likelihood for each category as the modeling 

approach is presented.  

Data 

The data is collected from the NHTSA website that recently published ADAS (SAE level two or 

below) equipped AV crashes that took place in the publicly accessible roads and territories of the 

US from July 2021 to June 2022. NHTSA issued a Standing General Order that required the 

manufacturers and operators of ADAS (SAE level two or below) equipped AVs to report crashes 

that had level two ADAS in use at any time within the 30s of the time of the crash and involved a 

vulnerable road user (VRU), or caused fatality or major injury, vehicle towing, or deployment of 

airbags. The crashes are from different locations in the US and not just a particular state (163). 

Therefore, the results from analyzing this dataset can be generalizable. The data is timely and valid 

as the reports are from manufacturers and operators.  

Initially the dataset had around 900 observations with many duplicates. Duplicates were removed 

by analyzing the available narratives, and by keeping only the latest report if narratives were not 

available. Unknown observations for Crash Severity indicator were also deleted. After cleaning 

and preprocessing the data, 315 AV crashes were finalized for analysis. The dataset contains the 

month/year, time, and location (city/state) of crashes, crash severity, ADAS engaged information, 

crash information like severity, pre-crash maneuver of subject vehicle (SV) and crash partner (CP), 

entity with which the crash occurred, pre-crash speed of the SV, crash contact area of SV and CP, 

vehicle information like, vehicle make, model, mileage, model year; roadway information like 

roadway type and speed limit; environmental condition like weather, and lighting, and reporting 

entities name. Throughout the chapter, subject vehicles are called SV and their crash partners are 

called CP. The map in Figure 5.1 shows the states with number of Crashes from this study. It is 

visible that the highest number of ADAS-equipped AV crashes occurred in Californian (94), 

followed by Florida (29), Texas (24), and New Work (20) which are large, populated states of the 

US. However, land use type of crash location is not mentioned in the data.  
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Figure 5.1. ADAS-equipped AV crashes in the US (2021-2022) 
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Recoding of variables 

Variables relevant to crash severity were developed from the existing information in the dataset 

and by searching the internet. For example, Vehicle Size and Weight for specific make and models 

are collected from the internet. Most of the variables were categorical and had many levels. For 

the convenience of analysis, similar categories were combined from the existing dataset to create 

relevant categories. These variables are explained briefly below:  

• Crash Severity: There are four categories of crash severity: Serious, Moderate, Minor, 

Fatality in one variable called “Highest Injury Severity.” Another variable was called 

“Property Damage” reporting property damage by the crash. Due to fewer data in the 

Fatality category Fatality and Serious were combined as “Fatal or Severe Injury,” Minor 

and Moderate were combined as “Injury,” and rest of the observations were considered 

as “Property Damage Only (PDO), if reported by the “Property Damage” column. Rest 

were left as Unknown and then removed to have a cleaned data for crash severity. 

• Collision Type: This variable was made by understanding the narratives, the 

“CrashWith” variable, and SV and CP contact areas. Collision Type was “Unknown” if 

these observations in these variables were blank or Unknown. Initially, many types of 

collisions were identified, such as Angle, Head-on, Sideswipe, Hit animal, Hit fixed 

objects, Hit pedestrians, Hit trees or pole, Rear-ending CP, being Rear-ended. These were 

then categorized into six types. Rear-end included both being Rear-ended by other 

vehicles and Rear-ending other vehicles. Hit animal and pedestrians were combined into 

one category. Hit fixed object, and Hit trees or poles were combined into one category. 

Head-on and sideswipe are considered as “Other” category. 

• Pre-crash maneuver of CP: Pre-crash maneuvers of crash partner vehicle was 

categorized into six levels. Proceeding straight was one level. Changing lanes, Lane or 

Road departure, merging, and passing were combined into another level. Left turn and 

right turns were considered another category. The Other level was formed of all other 

maneuvers like Backing, crossing, opposing lane, entering traffic, making U-turn, parked, 

and others. Blanks and Unknowns were combined as the “Unknown”. 

• Vehicle Weight: At first, weights of the different make and model of cars were search 

and gathered from the internet. Then three categories were made considering the 

distribution of the datasets vehicle weights: ≤3500 lbs, 3500-4000 lbs, and >4000 lbs.  

• Vehicle Make: Out of 315 observations, 223 crashes were by AVs of Tesla company and 

the rest were AVs from various other companies like Acura, Audi, BMW, Cadillac, Ford, 

Genesis, Honda, Hyundai, International, Jeep, Kia, Lucid Motors, Mercedes-Benz, 

Porsche, Subaru, and Toyota. Based on the distribution of AVs involved in crashes, two 

categories were made: Tesla and Non-Tesla. 

• Pre-crash maneuver of SV: Pre-crash maneuver of subject vehicles were combined into 

four categories: Proceeding Straight, Lane Changing/Departure/Merging, Others, and 

Unknown. Others included Backing, U-turn, Parking, Stopped, Travelling Wrong way, 

Swerved, and Other. 

• Daytime/Nighttime: It is divided into two categories: Day and Night.  6:00 am to 7:59 

pm is considered day, and 8:00 pm to 5:59 pm is considered night. 
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• Peak/Off-peak: It is also divided into two categories: Peak and Off-peak.  Peak hours are 

5:00 am-9:00am, 12:00pm-1:00pm, and 4:00pm-8:00pm. The rest is considered Off-peak 

hours. 

• Roadway Type: The NHTSA dataset had five road types and many observations were 

Unknown. Highways were considered one category (Highway/freeways), and 

intersections, Parking Lot, Rural Road, and Streets were considered the Non-highway 

category. 

• Subject Vehicle Speeding: This variable was made from the Posted Speed Limit and Pre-

crash speed  of the subject vehicles. When Pre-crash speed limit was greater than the 

posted speed limit it is considered as Yes, otherwise No, and rest are Unknown. 

• Roadway Surface: Four categories are made: Dry, Snow/Slush/Ice, Wet, and Unknown. 

“Previously mentioned Other, see narrative” named observations were checked and upon 

not finding any information, they were categorized as Unknown.  

• Lighting: Three categories are made for lighting: Daylight, Dawn/Dusk, Dark, and 

Unknown. 

• Weather condition: Weather condition categories are kept as they appeared in the 

NHTSA dataset: Clear, Cloudy, Rain, Snow, Other, and Unknown.  

• Crash With: Five categories were made: Passenger Car, Fixed Object, Non-Motorist, 

Other, and Unknown. Hitting fixed objects and hitting pole/tree were considered the Fixed 

Object category. Non-Motorist category includes Pedestrians and Animals. Other 

category includes SUV, Van, Bus, Heavy Truck, Pickup Truck, and Motorcycle. 

• Mileage: Mileage of the vehicles were categorized in intention to capture their usage and 

age. Four categories were made: <30000 miles, 30000-75000 miles, and >75000 miles, 

and Unknown. 

• Model Year: The dataset had AV Models of 2014-2022. Two categories were made: 

2014-2018, and 2019-2022. 

• Crash Type: This variable was made based on the number of entities involved in a crash: 

single-vehicle and multi-vehicle. 

• Subject Vehicle Damage: Subject vehicle’s damage condition is developed based on the 

number of sides of the vehicle that were damaged and whether the vehicle was towed 

from the crash location or not. If the SV was towed away or towed away and got damaged 

on more than two sides, or just damaged on more than two sides is considered Major 

Damage, and the rest is considered Minor or No Damage.  

• Crash Partner Vehicle Damage: Like the Subject Vehicle Damage, Crash Partner 

Damage is categorized as Major Damage and Minor or No Damage.  

Ordered Logistic Regression Model  

The response variable to be applied in the Ordered Logistic Regression (OLS) model needs to be 

ordered since the nature of the injury severity (dependent variable) in our dataset is ordinal. One 

of the generalized linear model cases that can account for the ordinal nature of the data is the 

ordered logistic regression (164). This model is also known as proportional odds logistic 
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regression. This model provides an exponential relationship between a set of k predictors, X = (x1, 

…, xk) and P = (p1, …, pn) and our response variable Y = (y1, …., yn) The relationship is as follows: 

𝑦𝑖|𝑝𝑖 ~ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖), 𝑖 = 1, … , 𝑛           (1) 

 𝐿𝑜𝑔𝑖𝑡 (𝑝𝑖) = log (
𝑝𝑖

1−𝑝𝑖
) =  𝛽0 + 𝛽1𝑥1𝑖 + ⋯ + 𝛽𝑘𝑥𝑘𝑖     (2) 

The probability of crash severity occurrence for each level i in the model can be estimated, denoted 

by 𝑝𝑖, by using the maximum likelihood method and solving for 𝛽 = (𝛽1, … , 𝛽𝑘)  (165). 

 𝑝𝑖 =
exp{𝛽0+ 𝛽1𝑥1𝑖+⋯+𝛽𝑘𝑥𝑘𝑖 }

1+ exp{𝛽0+ 𝛽1𝑥1𝑖+⋯+𝛽𝑘𝑥𝑘𝑖 }
        (3) 

The crash severity can be estimated after calculating the 𝑝𝑖 based on the above formula. This 

logistic regression can be either binomial regression or multinomial regression. When the response 

variables are multi-class, multinomial regression can be used. The multiple predictor variables and 

multinomial response variable in the multinomial regression model have C-1 non-overlapping logit 

models. The cth level of the crash severity occurrence probability, 𝑝𝑖𝑐, can be estimated (1). 

 𝑝𝑖𝑐 = 𝑃(𝑦𝑖 = 𝑐|𝑋) =
exp{𝛽0+ 𝛽1𝑥1𝑖+⋯+𝛽𝑘𝑥𝑘𝑖 }

∑ 1+ exp{𝛽0+ 𝛽1𝑥1𝑖+⋯+𝛽𝑘𝑥𝑘𝑖 }𝑐−1
𝑐=1

, p, c < C    (4) 

The Stata/SE 17.0 is used in this study to analyze the data, and the crash severity is predicted based 

on the estimated probability, 𝑝𝑖𝑐. 

Marginal Effect 

The results table also highlights the marginal effects of the variables. There are different methods 

to obtain the marginal effects of the variables. The Average Marginal Effect (AME) method is 

used in this study. Calculating the marginal effect enables analysts to obtain how much a change 

in a variable is associated with the expected probability of the response variable. 

Results  

Frequency Distribution of variables 

Table 5.1 shows the frequency distribution of the variables used in the study. The dependent 

variable is Crash Severity which contains three levels of severity. The full dataset contains 315 

observations and among these, 159 observations are from highway/freeways. Among 315 AV 

crashes, 83.49% are Property Damage Only (PDO) and only 3.17% are fatal or severe injury 

crashes. Independent variables are broadly categorized under Crash Characteristics, Vehicle 

Characteristics, Driver Characteristics, and Roadway Characteristics.  

Under Crash Characteristics, Collision Type and Subject Vehicle Damage are used. The frequency 

distribution shows that most crashes were (22.54%) with fixed objects, trees, or poles, followed 

by Rear-end (19.68%) type collisions. Subject Vehicle Damage indicates that in 50.79% of the 

cases, the subject vehicle suffered major damage.  

Under Vehicle Characteristics, AV, Vehicle Mileage, and Vehicle Weight are used. The frequency 

distribution shows that in 70.79% of crashes the subject vehicle was Tesla. Distribution of Vehicle 

Mileage indicates that most crashes involve vehicles whose mileage was ≤30000 miles, and only 

8% of the subject vehicles had mileage over 75000 miles. This indicates that most of the subject 

vehicles were comparatively new or less driven. The distribution of Vehicle Weight shows that 
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45.71% of vehicles weighed >4000 lbs, and 35.87% weighed 3500-4000 lbs. This means that most 

crashes involved comparatively heavier vehicles. 

Under Driving Characteristics, Subject Vehicle Speeding, Precrash Maneuver of SV, and Precrash 

Maneuver of CV are used. Subject Vehicle Speeding indicates that only 12.06% of the time, SV 

drivers were driving over the speed limit, and 47.03% of the time, they were not speeding. Of 315 

crashes, the vehicles drivers of the subject vehicles were going straight in 54.29% of the cases and 

only 4% time they were turning. Crash partners were proceeding straight most of the time and 

most of the time crash partner vehicle’s driver maneuvers were unknown. The vehicles were 

stopped in a traffic lane, slowing or staring in a traffic lane, turning left or right, and changing 

lanes or merging in 18.13%, 10.94%, 10%, and 1.88% of cases, respectively.  It is noteworthy that, 

in most crashes, both SV and CP were Proceeding Straight (54.29% and 10.48%, respectively) 

right before the crash (Pre-crash Maneuver).  

Under Roadway Characteristics, Roadway Type and Roadway Surface are used. Frequency 

distribution of Roadway Type indicates that half (50.48%) of crashes happened on 

highway/freeways and the rest happened in intersections, rural roads, streets, or parking lots. This 

makes sense because vehicles drive at high speed on highway/freeways and have a higher chance 

of severe crashes. The frequency distribution of the variables follows a similar pattern on the 

highways, yet more crash frequency on the highways requires in-depth analysis. 

The frequency distribution of some other important variables that are not used in the models is 

listed in Table 5.2. In contrast to Subject Vehicle Damage, Crash Partner Damage values indicate 

that fewer CPs had major damage (8.89%). Among the crashes, Single-Vehicle crashes were 

26.67% and Multi-Vehicle crashes were 45.71%. In most crashes, SVs hit fixed object, trees, or 

poles and only 16.51% time, they hit another passenger vehicle. The vehicles involved in the 

crashes were mainly SUVs and Sedans. Also, most of the crashes happened in daylight conditions, 

clear weather, and off-peak hours. 

Ordered Logistic Regression Model Results 

Crashes in all road types 

Table 5.3 shows the result of the Ordered Logistic Regression (OLR) model. The likelihood ratio 

test shows that the OLR model is meaningful and better than the null model (LR chi2 = 85.03, 

Prob>chi2=0.00). Pseudo R2 = 0.26 indicates that the model fits the data reasonably well. The 

Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) values were used 

as model selection criteria to compare models with different variables and select the best one.  

The OLR represents the relationship between the contributing factors and severity of AV-involved 

crashes. The variables with a minimum of one statistically significant category (p-value <0.05) 

with acceptable signs and magnitude are kept in the model. Marginal effects (ME) are calculated 

on the model estimates for all categories of crash severity and shown in Table 5.3 and Figure 5.2. 

The marginal effect will indicate the percentage point change in the probability of a certain level 

of injury if an explanatory variable is changed by one unit or moved to the target level from the 

base level (166). 

For example, among the vehicle characteristics, Tesla has a coefficient of -2.52 which is 

statistically significant. This indicates that if the AV is Tesla, it is less likely to be associated with 

fatal or severe injury. The marginal effects of AV indicate that if an AV is Tesla, it has 31% higher 
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chances of Property Damage Only crash compared to other ADAS-equipped motor vehicles (Not 

Tesla). However, Tesla showed 25% lesser chances of Injury type crashes and 7% lesser chances 

of Fatal or Severe Injury crashes compared to other ADAS-equipped AVs. It infers that ADAS-

equipped Tesla vehicles have lesser chances of a severe crash, given a crash. The Vehicle Weight 

variable indicates that an ADAS-equipped AV of >4000 pounds is associated with 4% higher 

chances of Fatal Injury, 8% higher chances of Injury, and 11% lesser chances of PDO crashes 

compared to ADAS-equipped AVs that are ≤3500 pounds. This is mention worthy that NHTSA 

reports severity of the crash but does not specify who survived or suffered the injury between the 

subject vehicle, crash partner or non-motorists. Although heavier vehicles might suffer less 

damage, the crash partner vehicle might suffer more injury and damage from a heavier vehicle. 

Among the Driver characteristics, Subject Vehicle Speeding indicates that driving above the 

posted speed limit is associated with a 3% higher chance of fatal or severe injury, 11% higher 

chance of injury, and 14% lesser chance of PDO crash than compared to ADAS-equipped AVs 

driving below the speed limit. This is similar to conventional vehicles also (167). On the other 

hand, marginal effects of the Pre-crash maneuver of CP indicate that compared to CPs that have 

been driving straight, CPs that were at a stopped position just before the crash was associated with 

a 5% lesser chance of fatal injury and 12% lesser chance of injury crashes. This also makes sense 

because driving straight has been the cause of the highest number of fatal injuries in 2019 in the 

US and it has the risk of rear-end and head-on collisions, which are often fatal (168).  

Among Crash characteristics, the Collision Type variable indicates that compared to Angle 

crashes, a Hit pedestrian or animal type crash is associated with a 7% higher chance of a fatal crash 

and an 8% higher chance of an Injury crash. This makes sense because when an animal or a 

pedestrian gets hit by a vehicle, it will have a higher chance of injury or fatality.  

Discussion 

Factors Associated with AV Crash Severity 

Automated vehicles are expected on the roads more when they will reach the entire level of 

automation. However, it is still essential to know where low-level automated vehicles like ADAS-

equipped vehicles stand to achieve road safety. Margins plots in Figure 5.2 give a graphical 

representation of the probability of different levels of crash severity for ADAS-equipped AVs for 

the full dataset. 

Association of Vehicle Characteristics and Crash Severity 

It is observed among the ADAS-equipped AVs that Tesla vehicles have a lower chance of Injury 

crash than Fatal crashes and higher chance of PDO crash than other crashes overall. A previous 

study found 7.5% of fatal and severe crashes can be avoided using adaptive cruise control (ACC) 

systems (169). It is apparent from the marginal plots that heavier-weight AVs (>4000 lbs.) have a 

higher chance of association with injury and fatal crashes. It was observed in a previous study that 

in the event of a collision between two unequal mass-based cars, the fatality risk ratio of the lighter 

car increases as a power function of mass ratio (170). As NHTSA specifically does not mention 

the entity who suffered the crash severity, it can be deduced that whenever a heavy AV collides 

with another lighter vehicle, the heavier vehicle is expected to cause more severe injury to the 

lighter vehicle.  
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Table 5.1. Frequency Distribution of Important Variables 

Variables Categories Full Dataset 

(N=315) 

Highway/Freeways 

(N=159) 

Non-Highway 

(N=92) 

Freq. (%) Freq. (%) Freq. (%) 

Crash 

Characteristics 

Crash Severity Fatal or Severe Injury 10 3.17 4 2.52 1 1.09 

    Injury 42 13.33 14 8.81 20 21.74 

    Property Damage Only (PDO) 263 83.49 141 88.68 71 77.17 

  Collision Type Hit pedestrian or animal 13 4.13 9 5.66 1 1.09 

    Angle 47 14.92 8 5.03 33 35.87 

    Hit fixed object, trees or pole 71 22.54 46 28.93 17 18.48 

    Other 20 6.35 12 7.55 7 7.61 

    Rear-end 62 19.68 33 20.75 16 17.39 

    Unknown 102 32.38 51 32.08 18 19.57 

  

Subject Vehicle  

Damage 

Major Damage 160 50.79 74 46.54 54 58.70 

    Minor or No Damage 78 24.76 48 30.19 26 28.26 

    Unknown 77 24.44 37 23.27 12 13.04 

Vehicle 

Characteristics 

AV Non-Tesla 92 29.21 27 16.98 30 32.61 

    Tesla 223 70.79 132 83.02 62 67.39 

  Vehicle Mileage <=30000 miles 133 42.22 85 53.46 28 30.43 

    30000-75000 miles 87 27.62 46 28.93 33 35.87 

    >75000 miles 28 8.89 19 11.95 5 5.43 

    Unknown 67 21.27 9 5.66 26 28.26 

  Vehicle Weight <=3500 lbs 58 18.41 16 10.06 18 19.57 

    3500-4000 lbs 113 35.87 54 33.96 44 47.83 

    >4000 lbs 144 45.71 89 55.97 30 32.61 

Driver 

Characteristics 

Subject Vehicle 

Speeding 

No 149 47.30 99 62.26 48 52.17 

    Unknown 128 40.63 33 20.75 33 35.87 

    Yes 38 12.06 27 16.98 11 11.96 
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Table 5.1 Continued. 
Variables  Categories Full Dataset 

(N=315) 

Highway/Freeways 

(N=159) 

Non=Highways 

(N=92) 

   Freq. (%) Freq. (%) Freq. (%) 

  

Pre-crash maneuver of 

SV 

Proceeding Straight 171 54.29 100 62.89 57 61.96 

    Other 41 13.02 25 15.72 11 11.96 

    Turning 14 4.44 1 0.63 11 11.96 

    Unknown 89 28.25 33 20.75 13 14.13 

  

Pre-crash maneuver of 

CP 

Changing lane, Departure, Merging, 

Passing 

18 5.71 15 9.43 2 2.17 

    Other 19 6.03 10 6.29 7 7.61 

    Proceeding Straight 33 10.48 15 9.43 15 16.30 

    Stopped 21 6.67 9 5.66 8 8.70 

    Turning 16 5.08 0 0.00 16 17.39 

    Unknown 208 66.03 110 69.18 44 47.83 

Roadway 

Characteristics 

Roadway Type Highway/Freeway 159 50.48 - - - - 

    Other 92 29.21 - - - - 

    Unknown 64 20.32 - - - - 

  Roadway Surface Dry 137 43.49 82 51.57 54 58.70 

    Unknown 135 42.86 41 25.79 32 34.78 

    Wet/Snow/Slush/Ice 43 13.65 36 22.64 6 6.52 
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Table 5.2. Frequency Distribution of Other Important Variables 

Variables Categories Full Dataset  

(N=315) 

Highway/Freeways  

(N=159) 

Non-Highway  

(N=92) 

Freq. (%) Freq. (%) Freq. (%) 

Crash Characteristics Crash Partner Damage Major Damage 28 8.89 17 10.69 10 10.87 

    Minor or No Damage 155 49.21 86 54.09 51 55.43 

    Unknown 132 41.90 56 35.22 31 33.70 

  Crash Type Single Vehicle 84 26.67 55 34.59 18 19.57 

    Multi-Vehicle 144 45.71 56 35.22 60 65.22 

    Unknown 87 27.62 48 30.19 14 15.22 

  Crash With Fixed Object 71 22.54 46 28.93 17 18.48 

    Non-Motorist 13 4.13 9 5.66 1 1.09 

    Other 68 21.59 40 25.16 23 25.00 

    Passenger Car 52 16.51 25 15.72 22 23.91 

    Unknown 111 35.24 39 24.53 29 31.52 

Vehicle Characteristics Model Year 2014-2018 77 24.44 37 23.27 24 26.09 

    2019-2021 238 75.56 122 76.73 68 73.91 

  Vehicle Size Hatchback 32 10.16 18 11.32 8 8.70 

    Passenger Van 4 1.27 0 0.00 1 1.09 

    Pickup Truck 4 1.27 2 1.26 1 1.09 

    SUV 127 40.32 81 50.94 26 28.26 

    Sedan 145 46.03 57 35.85 56 60.87 

    Subcompact SUV 3 0.95 1 0.63 0 0.00 

Environmental Characteristics Lighting Dark Condition 70 22.22 48 30.19 21 22.83 

    Daylight 104 33.02 68 42.77 36 39.13 

    Unknown 141 44.76 43 27.04 35 38.04 

  Weather Clear/Cloudy 141 44.76 84 52.83 55 59.78 

    Other/Unknown 133 42.22 2 1.26 32 34.78 

    Rain/Snow 41 13.02 35 22.01 5 5.43 

Temporal Characteristics Day/Night Day 128 40.63 79 49.69 38 41.30 

    Night 115 36.51 70 44.03 27 29.35 

    Unknown 72 22.86 10 6.29 27 29.35 

  Peak/Offpeak Peak 93 29.52 56 35.22 29 31.52 

    Off-peak 150 47.62 93 58.49 36 39.13 

    Unknown 72 22.86 10 6.29 27 29.35 
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Table 5.3. Ordered Logistic Regression Model  

Variables  Categories  Coef. Std.err. P>|z| Marginal Effects 

Dependent 

Variable 

Crash Severity           Property 

Damage 

Only 

Injury Fatal or 

Severe 

Injury 

Independent 

Variable 

Vehicle 

Characteristics 

Vehicle Make Not Tesla (Base)             

      Tesla -2.52 0.57 0.00 0.31 -0.25 -0.07 

    Vehicle Weight ≤3500 lbs (base)             
      3500-4000 lbs 0.75 0.61 0.22 -0.06 0.05 0.02 

      >4000 lbs 1.27 0.47 0.01 -0.11 0.08 0.04 

  Driver 

Characteristics 

Subject Vehicle 

Speeding 

No (Base)             

      Unknown 1.55 0.62 0.01 -0.14 0.11 0.03 

      Yes 1.56 0.65 0.02 -0.14 0.11 0.03 

    Pre-crash 

maneuver of CP 

Proceeding Straight (Base)             

      Changing lane, Departure, 

Merging, Passing 

-0.96 1.00 0.34 0.10 -0.07 -0.03 

      Other -0.52 0.80 0.52 0.06 -0.04 -0.02 

      Stopped -1.76 0.87 0.04 0.17 -0.12 -0.05 

      Turning -0.37 1.26 0.77 0.04 -0.03 -0.02 

      Unknown -0.88 0.61 0.15 0.10 -0.07 -0.03 

  Crash 

Characteristics 

Collision Type Angle (Base)             

      Hit fixed object, trees or pole 1.06 0.66 0.11 -0.11 0.08 0.03 

      Hit pedestrian or animal 1.75 0.84 0.04 -0.20 0.13 0.07 

      Other -0.58 0.91 0.52 0.04 -0.03 -0.01 

      Rear-end 0.55 0.60 0.36 -0.05 0.04 0.01 

      Unknown 0.11 0.64 0.86 -0.01 0.01 0.00 

      cut 1 1.88 0.89         
      cut 2 4.11 0.94         

Number of observations = 315, DF = 17 

LR chi2 (15) = 85.03, Prob > chi2 = 0.00 

LL(null) = -166.58, LL (Model) = -124.06 

Pseudo R2 = 0.26, AIC = 282.12, BIC = 345.91 
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The level two driver assistance system’s role is unclear from here. Three of four Tesla models (S, 

X, Y) are heavier than 4000 pounds and only Tesla Model 3 is less than 400 lbs. Even though 

Tesla cars can be involved in injury or severe crashes, it does not indicate that their drivers or 

occupants will suffer more injury. A recent study on California DMV’s data on autonomous 

vehicles showed a significant strong positive correlation of 0.73 (p < 0.1) between monthly 

accidents and autonomous miles traveled. More miles driven in autonomous mode means more 

exposure and hence more crashes, and the crash could be due to other vehicles being at fault or 

due to failure of AVs automation features (171). The study on ADAS AVs finds that AVs with 

>75000 miles mileage have higher chances of injury and fatal crash but a lesser chance of PDO 

crash compared to the mileage of ≤3500 miles. Along with indicating more miles driven, mileage 

can also indicate older cars, and if newer cars are likely to have lesser severe crashes, then this can 

be an indication of better functioning AV features in newer AVs. However, it needs more data and 

in-depth analysis to come to this conclusion. 

Association of Driver Characteristics and Crash Severity 

In conventional vehicles, common driving behaviors that cause fatal crashes are impaired driving, 

inattentive driving, speeding, drowsy driving, and not wearing seatbelts, according to NHTSA 

website (172). Similar to conventional vehicles, ADAS-equipped AVs also showed higher chances 

of injury and severe injury crashes but lesser chances of PDO crashes when the subject vehicle 

drives above the posted speed limit. Speeding is a human error that leads to many crashes (173). 

Automation safety features like ACC are recently designed to operate at high and low speeds and 

in dense and non-critical traffic conditions (174). As 71% of (27 or 38) speeding-involved crashes 

occurred on Highway/Freeways, according to the dataset, AV manufacturers should investigate 

more about these high-speed crashes to improve their cruise control safety features. Another pre-

crash maneuver of SV compared to proceeding straight showed a lesser chance of Injury or 

Fatal/severe injury in ADAS-equipped AVs. This can make sense because severe injury or 

fatalities are caused due to head-on and rear-end crashes and these crashes occur when vehicles 

proceed straight and collide with each other. During AV subject vehicles were proceeding straight 

(171 of 315), 25% (43 of 171) times they hit a fixed object, trees, or poles, 22% times they caused 

Rear-end crashes, and 6% (11 of 171) times they caused either Head-on or sideswipe. In-depth 

analysis should be conducted on AV drivers when driving straight. Proceeding or driving straight 

for a long time can be tedious and drivers might get distracted and fall into a crash. Researchers 

can study ways to improve AV safety features, so drivers do not get bored or distracted. Crash 

partners of AVs with stopped pre-crash maneuvers compared to those proceeding straight showed 

lesser chances of Injury or Fatal/severe crashes. In this dataset, 21 crashes had stopped CP, but 

only 3 were Injury crashes, and the rest were PDO, and of 21 crashes, most were Rear-end crashes. 

A plausible explanation could be the fact that most of the time, CP had no occupants while it was 

stopped on the road, or it was a heavier vehicle than the SV. The limitation of the dataset was that 

out of 315 observations, data on CP was unknown for 208 cases. Robust data on CP could have 

provided more insights. 

Association of Crash Characteristics and Crash Severity 

Compared to Angle crashes, if AVs hit a pedestrian or animal, that was associated with higher 

chances of injury or fatal crashes. This is evident that pedestrian is most vulnerable as they are 

more exposed than any other entity, and ADAS safety features like Adaptive Cruise Control or 

Lane Keeping System (LKS) do not disengage for pedestrians or animals. Hence, injury or severe 
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injury is inevitable if the driver do not take control and take action. In this situation, ADAS-

equipped AVs are not different than conventional vehicles if they do not have a pedestrian 

detection system. Only a few observations in the dataset had narratives, and none of the narratives 

showed that these AVs had pedestrian detection systems. Tesla vehicles had more severe or fatal 

crashes on highways/freeways, but it was found in a previous study that severe AV crashes occur 

on highways (150). Overall, the crash severity results are similar to the results reported by existing 

literature on AV crashes, except Tesla vehicles showed lesser association with injury or fatality, 

and heavier weight AV vehicles showed a higher association with Injury and Fatal injury crashes.  

AV Crashes at Different Road Types 

Important variables are observed across Highway/Freeways and Non-Highways for comparison.  

Figure 5.3 (a) shows AV crashes of different Vehicle Make (Tesla vs. Non-Tesla) across roadway 

types.  It is seen that highway/freeways have more Tesla crashes (132 of 159). There are 30 and 

27 Non-Tesla vehicle crashes on Non-Highways and in highway/freeways. This means that 

highways/freeways have more crashes by Tesla than other AVs, but non-highways have more 

crashes by other AVs than Tesla. Next, it is essential to see what types of crashes occur on 

highways and non-highways by these AVs.  

Figure 5.3 (b) shows that among these AV injury crashes, 14 are on highway/freeways and 20 are 

on non-highways. Non-highways have only one fatal or severe crash and highway/freeways have 

four fatal or severe crashes. The percentage of fatal crashes are not as high as PDO or Injury 

crashes on neither of highway/freeways nor non-highways. Injury crashes happened more in non-

highway areas than in highways/freeways, and fatal or severe injuries happened more in the 

highway/freeways than in non-highways.  This is similar to conventional vehicles. However, 

Figure 5.5 shows that crash rates for PDO crashes (80.61%) and Fatal or Severe crashes (70%) 

are higher for Tesla, but Injury crash rates are (90.48%) higher in non-Tesla AVs. Despite this 

distribution, the model showed a negative association between crash severity and Tesla vehicles 

compared to non-tesla vehicles. This could be because the ratio of Fatal or Severe crashes (7 of 

223 Tesla crashes) and Total crashes is smaller for Tesla and higher for Non-Tesla (3 of 92 Non-

Tesla crashes). Next, knowing what entities are involved in these crashes is essential. Figure 5.3 

(c) indicates that highway/freeways have a higher percentage of crashes with everything listed 

under the Crash With variable. But, highway/freeways and non-highway, both these categories 

have a similar number of crashes with Passenger Cars (48.08% on highway/freeways and 42.31% 

on Non-Highways). 

Figure 5.4 (a) shows the collision types in highway/freeways and non-highways. The 

highway/freeways have mostly been hit with fixed object/trees/pole type of crashes followed by 

Rear-end crashes. Non-highways have mostly Angle crashes followed by Hit fixed 

object/trees/pole and Rear-end crashes.  For AVs in this dataset, the number of Head-on or 

Sideswipe crashes was low. Figure 5.4 (b) indicates that in most of the vehicle-involved crashes, 

the crash partner vehicle was proceeding straight or changing lanes/departure/merging in the 

highways/freeways. But in the non-highway AV crashes, the crash partners were mostly turning, 

followed by proceeding straight just before the crash. This also makes sense and matches 

conventional vehicles’ situations.
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Figure 5.2 Margins plot of the probability of crashes-based on (A) Vehicle Make, (B) Vehicle 

Weight, (C) Speeding of Subject Vehicle, (D) Pre-crash maneuver of Crash Partner Vehicle, and 

(E) Collision Type 
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Figure 5.3 (A) Vehicle Make, (B) AV Crash Severity, and (C) Crash With at Different Roadway 

Types 
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Figure 5.4 (A) Collision Type and (B) Pre-crash maneuver of Crash Partner Vehicle at Different 

Roadway Types 
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Figure 5.5 Crash Rates by AV Type 
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Limitations 

One limitation of this dataset is that many observations of most variables had “Unknown” or 

blanks. Many observations and variables had to be discarded to get a complete dataset with all 

variables.  But removing those observations would have reduced the sample size a lot.  

Hence, models were developed keeping some of those “Unknown” values in the dataset. Ideally, 

a large dataset with a complete set of observations would have made the analysis more precise and 

accurate. The data did not specify which entity suffered the crash and whose crash severity was 

reported. NHTSA published the injury of involved entities, and the sufferer could be either the 

subject vehicles’ or crash partner vehicles’ driver or occupants, pedestrian, or animal. Specification 

of such information would have given the study more clarity. The dataset does not contain the 

exact crash location (latitude/longitude), demographic information on drivers or occupants, 

damage severity of the vehicles, and land use information. NHTSA could have provided more 

information about the crash, like collision type and damage percentage. Although these variables 

were developed using other information like crash with, how many sides and which sides of the 

vehicles were damaged, and whether the vehicles were towed or not. The analysis in this could 

have been made more robust if this information had been present in the dataset. The dataset 

contains a variable called “Automation System Engaged” and reports the engagement of ADAS.  

The dictionary explains that this variable indicates engagement of the highest level of driving 

automation at any time during the 30 seconds before the crash. However, it was found in a report 

published on the ADAS dataset by NHTSA that it is not confirmed what system was engaged 

during the crash. This information had to be retrieved from the narratives of the crash reports in 

the dataset, but only a few observations could be confirmed about having ADAS engaged. From 

the narratives, only a few crashes were confirmed to have disengaged. Therefore, assumptions 

were made that apart from those crashes, the rest of the dataset contained crashes in which the 

ADAS was engaged. In the case of roadway type, most of the crashes were from 

highways/freeways, and very few observations were available from intersections, rural roads, 

streets, or parking lots. A smaller sample size of these non-highway locations made it difficult to 

develop suitable models on these segments from which conclusions could be drawn.  

The results from a Ordered Logistic Regression model were presented as the final model in this 

paper. But more sophisticated models were also applied to the dataset to get more insight. For 

example, Gologit, MNL, Mixed-Effects Ordered Logistic, and Bayesian models were also applied. 

However, due to the data limitation in each level of severity in many levels of the categorical 

variables the sophisticated models did not converge. Each sophisticated model converged at 

different specification. Hence, a comparison of different models was not possible. Each 

sophisticated model converged when it had only 2-3 variables which appeared as weak models 

compared to the Ordered Logistic model. 

Moreover, the Segmented model of the exact specification as the full model did not provide good 

results. All these issues could have been addressed if the data had been more robust and more 

significant in sample size. AV crashes were observed the most in Tesla vehicles compared to other 

ADAS-equipped AVs. Therefore, the Vehicle Make variable was only categorized as Tesla vs. 

Non-Tesla. However, the study does not intend to emphasize one AV make over the others. Here, 

the categorization is influenced by the distribution of the samples in the data. 
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Conclusions 

While the market penetration of vehicle automation technologies (SAE Levels one, two, and three) 

has increased, many vehicles equipped with such technologies have been involved in traffic 

accidents. Hence, it is becoming a prime concern for the transportation safety industry to 

understand AV safety clearly. Investigating such crashes can provide helpful information about 

the performance of ADAS technologies. To this end, this study explores the association between 

crash severity and various factors responsible for crashes in AVs. The study uses real-world crash 

data from the NHTSA database, including 315 ADAS-equipped crashes from August 2019 to May 

2022 and explores the association of crash severity with these AVs. The model results are 

generalizable for all AV crashes in the US, and the method can be reapplied in similar studies.  

The key findings of the study are as follows: 

1. The marginal effects of the Vehicle Make variable indicate that if the vehicle is Tesla, 

then it has 31% higher chances of Property Damage Only crash compared to other 

ADAS equipped AVs. However, Tesla showed 25% lesser chances of Injury type crash 

and 7% lesser chances of Fatal or Severe Injury crash compared to other ADAS 

equipped AVs. 

2. The Vehicle Weight variable indicates that an ADAS-equipped AV of >4000 pounds is 

associated with 4% higher chances of Fatal Injury, 8% higher chances of Injury, and 

11% lesser chances of PDO crashes compared to other ADAS-equipped AVs that are 

≤3500 pounds.  

3. Subject Vehicle Speeding indicates that driving above the posted speed limit is 

associated with 3% higher chance of fatal or severe injury, 11% higher chance of injury, 

and 14% lesser chance of PDO crash than compared to ADAS-equipped AVs that drive 

below the speed limit. 

4. The Pre-crash maneuver of CP indicates that compared to CPs that have been driving 

straight CPs that were at a stopped position just before the crash were associated with a 

5% lesser chance of fatal injury and a 12% lesser chance of injury crashes.  

5. The Collision Type variable indicates that compared to Angle crashes, Hit pedestrian or 

animal is associated with a 7% higher chance of a fatal crash and an 8% higher chance 

of an Injury crash. 

6. Crash rates for PDO crashes (80.61%) and Fatal or Severe crashes (70%) are higher for 

Tesla, but Injury crash rates are (90.48%) higher in Non-Tesla AVs. 

7. Highways/Freeways have more crashes by Tesla than other AVs, but non-Highways 

have more crashes by other AVs than Tesla. 

Future research can include more spatial and temporal information on the crashes, driver 

demography and behavior information, road geometry information, and more on AV technologies 

for better analysis of crash severity. The findings from the paper might be interesting and insightful 

for both the manufacturers and users of Tesla, along with other AVs, as they are constantly 

attempting to achieve a higher automation level. The model can be adopted by automated vehicle 

safety researchers immediately for similar studies. This chapter can be helpful for traffic safety 

practitioners, engineers, policymakers, and city planners who work to prepare their cities for 

autonomous vehicles.  
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CHAPTER 6. UNDERSTANDING THE SURVIVABILITY OF DRIVERS 
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Abstract 

As on-road automated vehicles (AV) are on the rise, evaluating their safe operation becomes 

critical. Generally, AVs can be relatively safer than human-driven vehicles because they do not 

get distracted, violate laws, or make errors. Conversely, AVs can malfunction for various reasons 

and cause crashes. This study investigates the role of Tesla Autopilot engagement and human 

behaviors on the survivability of the Tesla driver in Tesla-involved media-reported fatal crashes. 

A unique dataset is created from a Tesla fatal crash data source (tesladeaths.com). Several new 

variables are coded using links to the news narratives for each fatal crash. The descriptive analysis 

provides insights into the survivability of the Tesla driver in 46 single-vehicle and 80 multi-vehicle 

crashes in the US. When the Autopilot was not claimed in the single-vehicle crashes, Tesla drivers 

died in 75% (N=30) cases and survived 25% of cases (N=10). For multi-vehicle crashes, 75% 

(N=3) of the time driver was killed and 25% (N=1) time they survived when Autopilot was 

claimed. Tesla drivers survived in 20% of cases of fire-involved multi-vehicles crashes. The binary 

logistic regression model suggests that if a fatal crash happens to Tesla Vehicles, the Tesla Driver 

is more likely to be killed when the Tesla Vehicle gets fire, the Tesla Driver makes error, or if the 

Tesla Drivers’ age increases. Future research can investigate the change in Tesla driver behaviors 

in non-fatal crashes. This study will be helpful for AV manufacturers, notably Tesla, who are 

working to improve the safety features of their vehicles. 

Introduction 

Human factors, including driving errors and violations, contribute to more than 90% of road 

crashes (175-177). Due to technological advancements, automated vehicles will significantly 

change driver-vehicle interaction in the future (178). The automated vehicles include safety 

features such as one or more driver assistance systems, which have the potential to reduce a 

significant percentage of crashes while eliminating or reducing human control (179-182). Some of 

the driver assistance features include adaptive cruise control (183; 184), a forward-collision 

warning system (185; 186), a dilemma zone mitigation system (183), a blind-spot assistance 

system (187-189), a lateral vehicle detection system (190; 191), and a low-speed automatic brake 

system (192). One of the key advantages of automated vehicles with driver assistance technologies 

is that these vehicles promise to significantly reduce both crash risk and severity by eliminating or 

reducing a significant portion of one or more driving errors and/or violations (193-195). Tesla has 

become largely popular partly for their integration of “Autopilot” features in each of its vehicle 

models. The baseline level of Autopilot that is included with each model includes the ability of the 

Tesla vehicle to steer, accelerate, and brake autonomously and automatically within its lane. This 

feature is a bit of a misnomer, as Tesla’s Autopilot system requires driver supervision during 

operation, meaning that the vehicle is not fully autonomous. Vehicle automation is predicted to 

increase road safety by removing human errors. However, new driving technology can also present 

safety risks since drivers may need time to learn how to properly use the systems. It is considered 

that more safety benefits could be achieved if the automated vehicles are deployed on a large scale 

(175). For instance, many vehicles in the existing transportation system are still human-controlled, 

meaning that automated vehicles may not fully achieve the safety benefits. Furthermore, most of 

the automated vehicles in the market are level one or two, which shows that human control still 

exists in these vehicles and could contribute to crashes. Introducing these automated vehicles onto 

the roadways (where most of the vehicles are conventional or human-controlled) necessitates an 

analysis of crashes involving Tesla to identify interesting data trends that may help assess the 
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safety of Tesla vehicles. While the small number of previous studies related to Automated Vehicles 

(AV) crashes provide useful insights, there is a need for further research on the topic, which could 

generate new knowledge about AV safety. The role of the Autopilot system, driver behavior, 

vehicle, and other roadway and environmental factors in AV crashes has been lightly addressed 

due to the limited AV crash data (150). This study contributes to the limited research by exploring 

how the Autopilot performance and behaviors of Tesla drivers relate to survivability (killed versus 

survived) of Tesla drivers involved in a fatal crash that involves only Tesla vehicles-single-vehicle 

crashes. Investigating the relationship of Autopilot performance, behaviors of Tesla drivers, and 

other key roadway and vehicular factors with the chance of Tesla driver survivability is considered 

to provide a deeper and clearer picture of the role of these factors in single-vehicle crashes, 

especially when another vehicle or driver is not involved. 

The conceptual framework of this study is shown in Figure 6.1. This study aims to understand how 

autopilot engagement of the vehicle, errors, and violations by Tesla drivers (in single-vehicle and 

multi-vehicle crashes), and other environmental and vehicle attributes relate to the survivability 

of Tesla drivers. To meet the study objectives, Tesla driver fatality is coded as 0 and 1, where 1 

indicates crashes in which the Tesla driver was killed. To quantify the effect of a specific 

explanatory variable on the Tesla driver fatality, a directional (asymmetric) Somers’ Delta (D) 

test and a binary logistic regression model are used. 

Literature Review 

There is a limited amount of research that investigates the contributing factors in AV crashes (152; 

196). These studies generally have low sample sizes due to the relative novelty of AV technology. 

Like this study, many researchers have pulled data from narrative sources such as crash reports 

(150; 152; 197; 198). Of the few studies investigating the impact of human behavior in 

autonomous vehicle crashes, the consensus is that drivers must remain alert behind the wheel while 

Autopilot is in use, as automation has not yet reached the capacity for fully autonomous driving 

and human errors and violations are still plausible (199; 200). Other investigated contributing 

factors include weather conditions, roadway infrastructure, crash type, and autopilot engagement. 

It is found that many of these factors are also at play during autonomous vehicle crashes (150; 

152; 198; 200). Due to the impacts of roadway infrastructure on crash severity, the importance of 

timely roadway maintenance and management is critical as the number of AVs on the roadways 

increases (200). CAV driving mode, i.e., whether Autopilot is engaged, is also found to be a 

contributing factor in AV crashes (198). There is a need to further investigate AV crashes, 

especially concerning the roles of human behavior and Autopilot engagement. Table 6.1 gives a 

summary of the reviewed literature. 

Data 

One of the reasons for the limited research related to the safety of AVs is that sufficient field data 

about AV crashes is not available (150). This study takes advantage of the unique crash data source 

(201), which includes information and weblinks for media reports on Tesla-involved Fatal crashes. 

This website was developed privately by people interested in Tesla car technology and Media-

reported fatal Tesla crashes. They collect information on media-reported fatal Tesla crashes or 

incidents from local news archives and government databases that are in the English language.  
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Figure 6.1. Conceptual Framework 
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The dataset undercounts total deaths involving Tesla because it mainly does not obtain information 

from non-English speaking geographies. However, this dataset was mentioned in a published paper 

and a Doctoral Dissertation as a source of Tesla death or fatal crash reports (202; 203).  The records 

for a total of 225 Media-reported fatal Tesla crashes were available on the website (as reported 

through June 2022). The website provides information about the year, date, location, model of 

Tesla, whether or not (and how many) drivers and occupants (in Tesla or other vehicles) were 

killed in each crash, details about the involvement and injury to pedestrians, and information on 

whether the Autopilot was claimed at the time of the crash. While the website provides useful 

information, the number of the above-mentioned factors could be limited for a comprehensive 

analysis. A key resource on the website provides links to the news articles for each crash, which 

could be used to code new variables embedded in the news articles. 

To check the credibility of the website (tesladeaths.com), the available coded variables on the 

website (year, date, country or state in the U.S., model of Tesla vehicle, and death records) have 

been verified and compared for all the crashes with the news articles from which the variables 

were coded. The available information about the coded variables on the website matched with the 

narratives in the corresponding news articles for each crash, justifying the credibility of the 

website. A unique and comprehensive database was created by utilizing the website. Additional 

29 variables were coded manually via visiting the news article weblink for each crash. Some of 

the links to the news articles were missing or inaccessible. Therefore, the cleaned dataset had a 

total of 126 crashes, which include 46 single-vehicle and 80 multi-vehicle crashes. Note that in 

this chapter, single-vehicle and multi-vehicle Tesla-involved Fatal crashes are studied in depth. 

• Dichotomous variables: Variables in this category were coded on a Yes/No scale. These 
new variables include speeding by Tesla driver, speeding by other drivers, Tesla driver 
impaired (driving under the influence), other driver impaired (driving under the influence), 
intersection-related crash, Tesla struck other vehicles, other vehicle struck Tesla, gender of 
Tesla driver, gender of Tesla occupant, gender of other vehicle drivers, Tesla vehicle caught 
fire, other vehicle caught fire, and time of a crash (AM/PM). While most variable names are 
self-explanatory, some need explanation. For example, speeding by a Tesla driver and 
speeding by other drivers are coded as “Yes” if news articles reported that the crash involved 
drivers exceeding the speed limit of the corresponding road while driving. The variable Tesla 
driver impaired and other driver impaired are coded as “Yes” if the news articles reported 
that the drivers were driving under the influence of drugs or alcohol for which the drivers 
became incapable of driving the cars. There are four models of Tesla: S, X, Y, and 3. All 
these vehicles have various trim levels, but for convenience, their models are considered by 
their basic model names. A dummy variable is made for each model where one indicates that 
the observation is on that car model, and zero (0) indicates that the observation is not about 
that respective car model. 

• Continuous variables: These variables include the number of vehicles involved, age of tesla 
driver, age of tesla occupants, age of other drivers, age of other vehicle occupants, and 
pedestrian age. Note that age information was not available in the articles for all observations. 

• Categorical variables: These variables include route type (e.g., local route, state route, 
highway, and expressway), maneuver by Tesla driver, maneuver by other drivers, type of 
other vehicles, type of crash (e.g., rear-end, head-on), and day of the week on which crash 
have occurred. 

• Ordinal variables: Note that all Tesla crashes reported on the website were fatal. However, 
the injury severity for drivers and occupants (both in Tesla and other vehicles) has been 
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coded on a four-level ordinal scale using the information in the articles. These new levels are 
no injury, minor injury, moderate or serious injury, and fatality for each driver and occupant 
involved in Tesla crashes. 

Methods 

Human Crash Contributing Factors 

Investigating the relationship between Autopilot performance, driver behaviors, and other factors 

with the survivability of Tesla drivers can provide a clearer picture of automation. The study 

classifies behaviors into two broader categories, which include driving errors and violations. 

Driving errors are mistakes that drivers make while driving. The driving errors are not classified 

into subcategories (e.g., recognition errors, decision errors, and performance errors) due to the 

lower sample size. However, if drivers disobey some traffic rules, regulations or law that is 

considered violations. It is found that errors and violations by Tesla drivers have collectively 

contributed to 84.78% (N = 32+7) of the overall single-vehicle media-reported fatal Tesla crashes 

(N = 46) and 28.75% (N=5+18) of overall multi-vehicle media-reported fatal Tesla crashes 

(N=80). Speeding was one of the key violations by Tesla drivers, contributing to 28.57% (2 out of 

7) of the overall single-vehicle crashes and 33.33% (6 out of 80) of the overall multi-vehicle 

crashes. Driver lost control of the vehicle was a common error by Tesla drivers in both single-

vehicle and multi-vehicle crashes which is a concerning factor regarding Tesla’s automation 

features. For details about errors and violations by Tesla drivers, please refer to Table 6.2 and 

Table 6.3. 

Correlation Analysis: Somers’ D Test 

Numerous statistical measures, including gamma, Kendall’s Tau b, Stuart’s Tau c, Spearman 

correlation, and Spearman rank correlation coefficient, can be used to understand the association 

between two ordinal (also applicable to dichotomous) variables (204). While the above tests 

provide useful insights into the potential association between two variables, these tests are 

symmetrical where no distinction between the dependent and independent variables can be made 

(204). On the other hand, in the Somers’ D test, one of the variables can be specified as a dependent 

variable that provides a coefficient indicating the association of a particular independent variable 

with the dependent variable (204; 205). Given two variables, including Y and X: 

• Two pairs (Xi, Yi) and (Xj, Yj) are said to be concordant if ranks of both the elements 

agree 

• Two pairs (Xi, Yi) and (Xj, Yj) are said to be discordant if the ranks of both elements do 

not agree 

For Somers’ D, the two subsamples from the parent data are considered, where X is a dichotomous 

independent variable which equals 1 and 0 for observations in subsamples A and B, respectively. 

Y is also a dichotomous variable that equals 1 and 0 if a Tesla driver was killed and survived, 

respectively. Based on the values of an independent variable, the probability of a Tesla driver being 

killed in subsample A and subsample B can be computed as (206). 

𝑝𝐴 = 𝑃𝑟 (𝑌 = 1|𝑋 = 1)          (1) 

𝑝𝐵 = 𝑃𝑟 (𝑌 = 1|𝑋 = 0)          (2) 
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After computing the probabilities of the Tesla driver being killed in subsample A and subsample 

B based on the values of a particular independent variable, Somers’ D coefficient can be computed 

as below (30; 31). 

𝐷(𝑌|𝑋) = 𝑝𝐴 − 𝑝𝐵          (3) 

The values of Somers’ D range from -1 to 1, which indicates if all the pairs of the variables disagree 

and agree, respectively. Smaller values of Somers’ D (approaching 0) in either direction (+/-) show 

a lower association of a variable with the response outcome. To conclude, Somers’ D coefficient 

is the difference between the proportion of concordant and discordant pairs of the response and a 

particular independent variable where both variables are binary (206). 

Binary Logistic Regression 

A Binary logistic regression model (207; 208) contains a dichotomous dependent variable whose 

value is either 0 or 1. The key quantity in a regression type analysis is the mean of the dependent 

variable given the values of the independent variable. 

E( 
𝑌

𝑥
) = 𝛽0 + 𝛽1𝑥          (1) 

This is also called the conditional mean or the expected value of Y given the value of x. Here, 

values of β denotes the model parameters, E denotes the conditional mean, Y is the response 

variable and x is the independent variable. The logistic regression model formula is as follows: 

П(𝑥) = 
𝑒𝛽0+ 𝛽1 𝑥1

1+ 𝑒𝛽0+ 𝛽1 𝑥1
          (2) 

The logit transformation of this logistic function П(𝑥) can be written as follows: 

𝑔(𝑥) = ln (
П(𝑥)

1− П(𝑥)
) = 𝛽0 + 𝛽1𝑥1        (3) 

Now, the odds of group 1 (Y=1) and group 0 (Y=0) can be written as follows: 

Odds = 
П(𝑥1) 

1− П(𝑥1) 
          (4) 

Odds = 
П(𝑥0) 

1− П(𝑥0) 
          (5) 

 The odds ratio is achieved by dividing the first odds by the second odds. 

Text Mining Analysis 

Text-mining is a tool that helps discover knowledge from unstructured textual data (209). Text 

mining analysis was performed on the narratives of the media reports of the Tesla-involved fatal 

crashes to qualitatively analyze the crash reports at hand.    

Results and Discussion 

Descriptive Statistics 

The distribution of injury severity for drivers and pedestrians in both the single-vehicle and multi-

vehicle Media-reported fatal Tesla crashes is shown in Table 6.4 and Table 6.5, respectively.  
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Table 6.1. Summary of the Literature Review 

Ref. Relevance Sample 
Size  

Findings Method Gap/limitation 

(152) Effect of different 

factors on AV crash 

severity 

94 1. Weather conditions are found to be the most critical factor. 

2. Chance of severe injury increases if AV crashes occur at an 

intersection in extreme weather conditions (fog and snow) and 

highly diverse land use pattern locations. 

3. Type of collision significantly contribute to AV crash 

severity 

Crash reports from 

California DMV, 

XGBoost model 

Did not collect 

data on 

speed/driver 

characteristics, 
limited sample 

(150) Mechanism and 

contributing factors of 

AV-related crashes 

113 1. Chances of more severe injury increase if the subject 

vehicle is on autonomous driving mode and is mainly 

responsible for a crash. 

2. Highway is where severe injuries are most likely to 

occur. 

  3. AV-related crash collisions are associated with the 

location, whether crashes are associated with yielding to 

pedestrians/ cyclists, and driving mode. 

Crash reports from 

California DMV, ordinal 

logistic regression 

modeling, CART modeling 

Limited sample 

size 

(199) Tesla-specific human 

factors leading to 

crashes 

1 1. Schema theory and PCM can help explain driver actions. 

2. Human error is inescapable, and humans are unreliable for 
monitoring automated systems, therefore efforts should be 

focused on level 4 and 5 automation. 
3. The underlying cause of a tragic accident could be a design 

error because of an unclear perception of responsibility 

included in the design. 

Use Schema theory and 

Perceptual Cycle Model 

(PCM) to explain driver 

actions 

Case study, not 

generalized 

(200) Tesla-specific human 

factors leading to 

crashes 

1 1. Tesla driver could have survived if the attenuator was 

functional. 

2. Roadway management as weel as timely maintenance are 

important. 

Idealized triangular 

crash pulse is used to estimate 

peak impact acceleration. 

Public info from NTSB 

evaluation was used to 

evaluate severity. Vehicle 

crash data from EDRs were 

compared with test data for the 

crash attenuator.  

Case study, not 

generalized 

(197) Driver behaviors 

operating AVs 

20   1. Drivers who are among the early adopters of partial 

automation systems (PAS) have a positive attitude toward the 

PAS systems. 

  2. Drivers universally engaged in secondary tasks under safe 

usage conditions. 

  3. Some self-regulatory behaviors to avoid risky situations. 

Data from interviews Response and 

sampling bias, 

low sample size 
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Table 6.1 Continued.  
Ref. Relevance Sample 

Size  
Findings Method Gap/limitation 

(198) Characteristics and 

patterns of CAV 

involved crashes 

72 1. CAV crash severity is associated with driving mode, 

roadside parking, rear-end collision, collision location, and 

one-way road. 

2. CAV driving mode, CAV stopped or not, CAV turning or 

not, other vehicle turning or not, and normal vehicle 

overtaking or not affect the type of crash. 

Data collected from CA 

DMV, descriptive 

statistics analysis 

Limited sample 

size 
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In 71.74% (N =33) of the single-vehicle crashes, the Tesla driver was killed and in 28.26% (N=13) 

time they survived. In single-vehicle Tesla-involved media-reported fatal crashes pedestrians were 

killed in 10% (N = 5) of the crashes. In 27.5% (N=22) of the multi-vehicle crashes, the Tesla driver 

was killed, whereas pedestrians were killed in 2.5% (N=2) of crashes. Due to the small sample, a 

new variable was created to represent Tesla driver fatality which is coded as 1 if the Tesla driver 

was killed and 0 if the driver survived. Cross-tabulation and correlational analysis is then conducted 

for the Tesla driver survivability in a single-vehicle and multi-vehicle fatal Tesla crash. The 

survivability of the Tesla driver is used as the dependent variable in the correlational analysis in 

this study.  

Figure 6.2 shows that the highest percentage of these single-vehicle media-reported fatal Tesla 

crashes have occurred in California (39.13%), followed by Florida (19.57%), New York (6.52%), 

and Ohio (6.52%). Figure 6.3 shows that the highest percentage of the multi-vehicle media-

reported fatal Tesla crashes have occurred in California (36.25%), Florida (16.25%), Arizona 

(7.50%), and Georgia (6.25%). This was expected due to the higher affordability of such expensive 

vehicles in California and Florida. 

Cross Tabulation: Tesla Driver Survivability versus Key Factors 

To understand the association of Autopilot use, Tesla driver behavior, and other important factors 

with Tesla driver survivability in single-vehicle and multi-vehicle (Tesla) fatal crashes, Table 6.6 

and Table 6.7 presents a cross-tabulation that can provide useful insights (175). For instance, 

statistics reveal that for single-vehicle crashes, Tesla drivers died 50% (N=3) of the time and 

survived 50% (N=3) of the time when Autopilot was claimed. For multi-vehicle crashes, 75% 

(N=3) of the time driver was killed and 25% (N=1) time they survived when Autopilot was 

claimed. When the Autopilot was not claimed in single-vehicle crashes, in 75% (N=30) cases, 

Tesla drivers died and in 25% cases (N=10), the drivers survived. This indicates that there could 

be a lower chance of survival for Tesla drivers when autopilot is not engaged. A deeper analysis 

and reconstruction of the crash and performance of the Autopilot vision system and vehicle control 

system will be needed to fully understand and remedy the factors contributing to these crashes. 

In all the single-vehicle Tesla crashes when Tesla caught fire, the drivers died 100% (N=18) of the 

cases, according to this dataset. But there have been some crashes where Tesla caught fire and the 

driver survived. However, those crashes were not present in the dataset. Among the multi-vehicle 

crashes when Tesla caught fire, in 80% (N=3) cases, Tesla drivers died and in 20% (N=1) cases, 

the Tesla drivers survived. This is high compared with Fatality Analysis Reporting System (FARS) 

data on all vehicles.  

The FARS datasets from 2013 to 2020 are collected from the NHTSA website to calculate the fire-

involved fatal crash rates and driver fatality in those crashes. The results are shown in Table 6.8. 

FARS data revealed that the fire-involved fatal crash rate for all vehicles ranged between 4.15% - 

4.79% from 2013 to 2020. Compared to the fatal crash rates of all vehicles, Tesla-involved 

vehicles’ fire-involved fatal crash rates is high (18.25%). This indicates that there may be some 

underlying factors for which Tesla has a higher percentage of fire-involved fatal crashes.  
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Table 6.2. Driving Errors and Violations by Tesla Driver in Single-Vehicle Crashes 

Crash Types Single Vehicle (N=46) 

Human Factors (Tesla Driver) Frequency Percentage 

Errors by Driver   

   Driver lost control 31 96.88 

   Failed to negotiate curve 0 0.00 

   Swerved into crosswalk 1 3.13 

   Fell asleep at wheel 0 0.00 

   Total 32 100.00 

Violations   

   Driver did not take action as per warning 1 14.29 

   Failed to stop at Intersection 2 28.57 

   Hit and run 2 28.57 

   Tesla Driver Speeding 2 28.57 

   Ran red light 0 0.00 

   U-turn 0 0.00 

   Attempted to pass two lane road 0 0.00 

   Unprotected left turn 0 0.00 

   Did not yield 0 0.00 

   High speed police chase 0 0.00 

   Slowed to a stop 0 0.00 

   Total 7 100.00 
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Table 6.3 Driving Errors and Violations by Tesla Driver in Multi-Vehicle Crashes 

Crash Types Multi-Vehicle(N=80) 

Human Factors (Tesla Driver) Frequency Percentage 

Errors by Driver   
   Driver lost control 3 60.00 

   Failed to negotiate curve 1 20.00 

   Swerved into crosswalk 0 0.00 

   Fell asleep at wheel 1 20.00 

   Total 5 100.00 

Violations   
   Driver did not take action as per warning 0 0.00 

   Failed to stop at Intersection 0 0.00 

   Hit and run 1 5.56 

   Tesla Driver Speeding 6 33.33 

   Ran red light 5 27.78 

   U-turn 1 5.56 

   Attempted to pass two lane road 1 5.56 

   Unprotected left turn 1 5.56 

   Did not yield 1 5.56 

   High speed police chase 1 5.56 

   Slowed to a stop 1 5.56 

   Total 18 100.00 
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Table 6.4. Distribution of Injury Severity in Single-Vehicle Crashes 

Injury Severity 

Single Vehicle Crashes (46) 

Tesla Vehicles 

Driver Pedestrian 

Freq. (%) Freq. (%) 

Not Applicable 3 6.52 39 84.78 

No Injury 7 15.22 0 0.00 

Suspected Minor Injury 1 2.17 2 4.35 

Moderate or Serious Injury 2 4.35 0 0.00 

Fatality 33 71.74 5 10.87 

Total 46 100 46 100 

 

 

 

 

Table 6.5 Distribution of Injury Severity in Multi-Vehicle Crashes 

Injury Severity 

Multi Vehicle Crashes (80) 

Tesla Vehicles 

Driver Pedestrian 

Frequency Percentage Frequency Percentage 

Not Applicable 3 3.75 76 95 

No Injury 33 41.25 0 0 

Suspected Minor Injury 14 17.5 0 0 

Moderate or Serious Injury 8 10 2 2.5 

Fatality 22 27.5 2 2.5 

Total 80 100 80 100 
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Figure 6.2. State wise Distribution of Single-Vehicle Fatal Crashes involving Tesla Vehicle in the 

US 
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Figure 6.3. State wise Distribution of Multi-Vehicle Fatal Crashes involving Tesla Vehicle in the 

US 
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Next, the fatality rate of the drivers involved in the fire-involved fatal crashes of all vehicles is 

compared to that of the Tesla drivers. It is identified that 95.65% of the Tesla drivers died in these 

cases, which is higher than all vehicles’ drivers’ fatality percentage (between 73.04% to 78.41%). 

This analysis infers that fire involvement in Tesla vehicles is crucial. Tesla manufacturers and 

researchers should investigate this issue to reduce driver fatality in fire-involved Tesla crashes.  

In single-vehicle crashes, Tesla drivers have made an error in 69.56% (N = 32) of the crashes. The 

driver was killed in 78.13% (N = 25 out of 32) of these crashes, which is greater than the percentage 

of 57.14% (N = 8 out of 14) of crashes where the Tesla driver died without making any error. In 

multi-vehicle crashes, Tesla drivers made an error in only 6.67% (N=5) of the crashes. But in the 

crashes where the Tesla driver did not make any error (N=75), the driver died in 24% (18 of 75) 

of those crashes. Interestingly, the percentage of Tesla driver deaths is lower in crashes where the 

Tesla driver has made a violation or was impaired with alcohol than in crashes where the driver 

was neither impaired nor making violations, according to this dataset in both the single-vehicle 

and multi-vehicle crashes.  

Table 6.6 illustrates that, of the 46 single-vehicle crashes, five are Tesla Model 3, no Model X, 

one is Model Y, ten are Model S, and 24 observations did not contain any model name. Of the 

Tesla Model 3 involved crashes (N=5), Tesla driver died 40% (N=2) times. Of the Tesla Model Y 

involved crashes (N=1), Tesla driver did not die. Of the Tesla Model S involved crashes (N=10), 

Tesla driver was killed 70% times. Similarly, the survivability of Tesla drivers is higher in crashes 

when a pedestrian is involved but not when it is nighttime in single-vehicle crashes. Furthermore, 

Tesla drivers are less likely to survive if a Tesla vehicle collides with a fixed object in single-

vehicle crashes. Table 6.6 and Table 6.7 show that the percentage of Tesla driver deaths in single-

vehicle crashes (25%) and multi-vehicle crashes (13.64%) occurring at intersections are lower than 

their corresponding percentage (81.58% and 32.76%, respectively) on roadway segments.  

Correlation analysis through Somers’ D Tests 

Besides the mean coefficient of Somers’ D, its confidence interval can also be obtained, which 

shows the range of association of a specific independent variable with the response outcome. The 

coefficients for both symmetric (similar to gamma and tau tests where no distinction between the 

dependent and independent variable is made) and asymmetric Somers’ D (an asymmetric extension 

of gamma and tau tests) are presented. The latter one is more relevant for this study. Due to the 

lower sample size in single-vehicle (N = 46) and multi-vehicle (N=80) crashes, most of the key 

variables do not show a statistically significant correlation with the Tesla driver fatality. Still, the 

direction of association of all such insignificant variables is intuitive.  

In the single-vehicle crashes provided in Table 6.9, the intersection indicator shows a statistically 

significant and negative association (t-stat = -2.39) with Tesla driver fatality with a mean 

asymmetric Somers’ D coefficient of -0.40. This finding suggests that the chance of a Tesla driver 

fatality is 40% lower compared to crashes that occur at non-intersection locations. Importantly, 

the Autopilot use did not show statistical significance with Tesla driver fatality; however, its 

direction of association was intuitive, and its statistical significance may improve with a larger 

sample size. Referring to the effect of Autopilot use on Tesla driver fatality in single-vehicle 

crashes, it is observed that there is a 14% lower chance of a Tesla driver fatality if the Autopilot 
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was engaged compared to crashes where autopilot was disengaged. Moreover, results indicate that 

the Tesla driver is less likely to survive a crash with fixed objects. 

In the multi-vehicle crashes provided in Table 6.10, statistically significant association was found 

for Driver impairment and Tesla model X. There was 9% less chance of Tesla driver fatality if 

Tesla driver was impaired compared to if Tesla driver was not impaired. There was 7% less chance 

of Tesla driver fatality if the Tesla vehicle was model X compared to if it was not model X. 

Binary Logistic Regression Model on Tesla Drivers’ Fatality 

Table 6.11 illustrates the results of the Binary Logistic Regression model to show an association 

between various factors and Tesla-driver fatality in media-reported Tesla-involved fatal crashes. 

The model has a pseudo R2 of 0.43, which indicate a good fit. Lower values of AIC and BIC are 

used as the model selection criteria to find the best model. The dependent variable is Tesla Driver 

Killed, and its value is 1 if the Tesla driver dies and 0 if the Tesla driver survives. Independent 

variables include Autopilot Claimed; Tesla Vehicle Caught Fire; variables included in Human 

Factors, Tesla Models, Collision Type, and Other Key Factors; and Tesla Driver and Other 

Vehicles’ Drivers’ Age. Only statistically significant independent variables with correct signs are 

kept in the model. 

The odds ratios convey that the odds of a Tesla Driver being killed in a fatal crash is 50.21 times 

more likely when Tesla Vehicle catches fire. This matches with the data from the FARS dataset, 

which confirms that the Tesla Driver Fatality rate is higher than the average fatality rate of all 

vehicles in fire-involved crashes in the US. The odds of a Tesla Driver being killed in a fatal crash 

is 3.29 times more likely when Tesla Driver makes an error. Tesla drivers are supposed to 

disengage the autopilot and take charge in a risky environment or when the car requires it. Losing 

control of the car could have happened because the drivers could not take control quickly or the 

car’s features malfunctioned. The odds of a Tesla Driver being killed in a fatal crash is 5.26 times 

less likely when the crash occurred at intersections. Although intersections are hazard-prone 

locations, Tesla vehicles may have less fatal crashes there because drivers may be more alert in 

the intersections and drive slowly or not using the autopilot feature. The odds of a Tesla Driver 

being killed in a fatal crash is 1.03 times more likely when driver age increase by one unit. This 

indicates that more elderly drivers are prone to fatal crashes, which is logical as their reflexes and 

vision are weaker than younger drivers. The odds of a Tesla Driver being killed in a fatal crash is 

1.04 times less likely when the Other Vehicle Driver's Age increase by one unit. This is also logical 

because in a fatal crash if a Tesla driver is younger and the other vehicle’s driver is older, the 

young Tesla driver will have a comparatively more chance of survival. 

In summary, it was found from the model that if a fatal crash happens to Tesla Vehicle, the Tesla 

Driver is more likely to be killed when the Tesla Vehicle gets fire, the Tesla Driver makes error, 

or if the Tesla Drivers’ age increases. Conversely, suppose a fatal crash happens to Tesla Vehicles. 

In that case, the Tesla Driver is less likely to be killed when the crash occurs at an intersection or 

when other vehicle’s driver’s age increases. 
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Table 6.6. Cross Tabulation of Fatality of Tesla Driver in Single-Vehicle Crashes Versus Human Factors 

Key Variables Category Tesla Driver Survived (N=13)  Tesla Driver Killed (N=33)  Total (N=46) 
  Freq. (%) Freq. (%) Freq. (%) 

Autopilot Claimed No (0) 10(25.00%) 30(75.00%) 40(100.00%) 
 Yes (1) 3(50%) 3(50%) 6(100.00%) 

Tesla Vehicle Caught Fire No (0) 13(46.43%) 15(53.57%) 28(100.00%) 
 Yes (1) 0(0.00%) 18(100.00%) 18(100.00%) 

Human Factors     

Errors by Tesla Driver No (0) 6 (42.86%) 8 (57.14%) 14(100.00%) 
 Yes (1) 7 (21.88%) 25(78.13%) 32(100.00%) 

Violations by Tesla Driver No (0) 8(20.51%) 31(79.49%) 39(100.00%) 
 Yes (1) 5(71.43%) 2(28.57%) 7(100.00%) 

Tesla Driver being Impaired with Alcohol No (0) 11(25.00%) 33(75.00%) 44(100.00%) 
 Yes (1) 2(100.00%) 0(0.00%) 2(100.00%) 

Model of Tesla Vehicle     

Tesla Model 3 No (0) 10(24.39%) 31(75.61%) 41(100.00%) 
 Yes (1) 3(60.00%) 2(40.00%) 5(100.00%) 

Tesla Model X No (0) 13(28.26%) 33(71.74%) 46(100.00%) 
 Yes (1) 0(0.00%) 0(0.00%) 0(0.00%) 

Tesla Model Y No (0) 12(26.67%) 33(73.33%) 45(100.00%) 
 Yes (1) 1(100.00%) 0(0.00%) 1(100.00%) 

Tesla Model S No (0) 10(27.78%) 26(72.22%) 36(100.00%) 
 Yes (1) 3(30.00%) 7(70.00%) 10(100.00%) 

Collision Type     

Fixed Object No (0) 7(35.00%) 13(65.00%) 20(100.00%) 
 Yes (1) 6(23.08%) 20(76.92%) 26(100.00%) 

Other Key Factors     

Tesla Driver Male No (0) 6(33.33%) 12(66.67%) 18(100.00%) 
 Yes (1) 7(25.00%) 21(75.00%) 28(100.00%) 

Night time indicator No (0) 6(24.00%) 19(76.00%) 25(100.00%) 
 Yes (1) 7(33.33%) 14(66.67%) 21(100.00%) 

Pedestrian Involved No (0) 8(20.51%) 31(79.49%) 39(100.00%) 
 Yes (1) 5(71.43%) 2(28.57%) 7(100.00%) 

Crash occurred at intersection No (0) 7(18.42%) 31(81.58%) 38(100.00%) 

  Yes (1) 6(75.00%) 2(25.00%) 8(100.00%) 
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Table 6.7 Cross Tabulation of Fatality of Tesla Driver in Multi-Vehicle Crashes Versus Human Factors  

Key Variables Category Tesla Driver Survived (N=58) Tesla Driver Killed (N=22) Total (N=80) 

    Freq. (%) Freq. (%) Freq. (%) 

Autopilot Claimed No (0) 57(75.00%) 19(25.00%) 76(100.00%) 
 Yes (1) 1(25.00%) 3(75.00%) 4(100.00%) 

Tesla Vehicle Caught Fire No (0) 57(76.00%) 18(24.00%) 75(100.00%) 
 Yes (1) 1(20.00%) 4(80.00%) 5(100.00%) 

Human Factors    

Errors by Tesla Driver No (0) 57(76.00%) 18(24.00%) 75(100.00%) 
 Yes (1) 1(20.00%) 4(80.00%) 5(100.00%) 

Violations by Tesla Driver No (0) 44(70.97%) 18(29.03%) 62(100.00%) 
 Yes (1) 14(77.78%) 4(22.22%) 18(100.00%) 

Tesla Driver being Impaired with Alcohol No (0) 53(70.67%) 22(29.22%) 75(100.00%) 
 Yes (1) 5(100.00%) 0(0.00%) 5(100.00%) 

Model of Tesla Vehicle   

Tesla Model 3 No (0) 54(77.14%) 16(22.86%) 70(100.00%) 
 Yes (1) 4(40.00%) 6(60.00%) 10(100.00%) 

Tesla Model X No (0) 54(71.05%) 22(28.95%) 76(100.00%) 
 Yes (1) 4(100.00%) 0(0.00%) 4(100.00%) 

Tesla Model Y No (0) 55(73.33%) 20(26.67%) 75(100.00%) 
 Yes (1) 3(60.00%) 2(40.00%) 5(100.00%) 

Tesla Model S No (0) 50(71.43%) 20(28.57%) 70(100.00%) 
 Yes (1) 8(80.00%) 2(20.00%) 10(100.00%) 

Collision Type    

Fixed Object No (0) 57(72.15%) 22(27.85%) 79(100.00%) 
 Yes (1) 1(100.00%) 0(0.00%) 1(100.00%) 

Other Key Factors    

Tesla Driver Male No (0) 28(77.78%) 8(22.22%) 36(100.00%) 
 Yes (1) 30(68.18%) 14(31.82%) 44(100.00%) 

Night time indicator No (0) 37(68.52%) 17(31.48%) 54(100.00%) 
 Yes (1) 21(80.77%) 5(19.23%) 26(100.00%) 

Pedestrian Involved No (0) 55(72.37%) 21(27.63%) 76(100.00%) 
 Yes (1) 3(75.00%) 1(25.00%) 4(100.00%) 

Crash occurred at intersection No (0) 39(67.24%) 19(32.76%) 58(100.00%) 

  Yes (1) 19(86.36% 3(13.64%) 22(100.00%) 
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Table 6.8 Comparison of Fire-involved Fatal Crashes between Drivers of All Vehicles and Tesla in the US 

FARS 

Dataset 

Year Fatal Crashes Drivers in Fire-involved Fatal Crashes  

(multiple drivers in each crash) 
  

Total Fatal 

Crashes 

Total Fire-

Involved Fatal 

Crash 

Fire-involved 

Fatal Crash 

Rates 

Total 

Drivers 

Fatality Survivability Driver Fatality (%) in 

fire-involved fatal 

crashes 

  2013 30202 1253 4.15% 1409 1074 335 76.22% 

2014 30056 1288 4.29% 1465 1114 351 76.04% 

2015 32538 1397 4.29% 1582 1187 395 75.03% 

2016 34748 1506 4.33% 1686 1282 404 76.04% 

2017 34560 1551 4.49% 1770 1321 449 74.63% 

2018 33919 1528 4.50% 1757 1316 441 74.90% 

2019 33487 1477 4.41% 1695 1238 457 73.04% 

2020 35766 1714 4.79% 1904 1493 411 78.41% 

Tesla Dataset 2013-2022 126 23 18.25% 23 22 1 95.65% 
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Table 6.9. Results of Correlational Analysis: Tesla Driver Survivability versus Key Factors in Single-Vehicle Crashes 

Key Variables 

Single Vehicle Crashes (N=46) 

Symmetric Somers’ D Asymmetric Somers’ D 

Coef. t P> |t| Coef. Min. Max. 

Autopilot Claimed (1/0) -0.14 -1.05 0.30 -0.14 -0.39 0.13 

Tesla Vehicle Caught Fire (1/0) 0.61 4.80 0.00 0.55 0.34 0.70 

Human Factors       

Errors by Tesla Driver (1/0) 0.22 1.31 0.20 0.22 -0.12 0.51 

Violations by Tesla Driver (1/0) -0.34 -2.06 0.05 -0.32 -0.58 -0.01 

Tesla Driver being Impaired with Alcohol (1/0) -0.16 -1.46 0.15 -0.15 -0.35 0.06 

Model of Tesla Vehicle       

Tesla Model 3 (1/0) -0.17 -1.30 0.20 -0.17 -0.41 0.09 

Tesla Model X (1/0) 0.00 0.00 0.00 0.00 0.00 0.00 

Tesla Model Y (1/0) -0.08 -1.00 0.32 -0.08 -0.23 0.08 

Tesla Model S (1/0) -0.02 -0.13 0.90 -0.02 -0.29 0.26 

Collision Type       

Fixed Object (1/0) 0.15 0.85 0.40 0.14 -0.20 0.45 

Other Key Factors       

Tesla Driver Male (1/0) 0.10 0.58 0.56 0.10 -0.24 0.41 

Night time indicator (1/0) -0.11 -0.67 0.51 -0.11 -0.43 0.22 

Pedestrian Involved (1/0) -0.34 -2.06 0.05 -0.32 -0.58 -0.01 

Crash occurred at intersection (1/0) -0.42 -2.39 0.02 -0.40 -0.65 -0.07 
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Table 6.10 Results of Correlational Analysis: Tesla Driver Survivability versus Key Factors in Multi-Vehicle Crashes 

Key Variables 

Multi-Vehicle Crashes (N=80) 

Symmetric Somers’ D Asymmetric Somers’ D 

Coeff. t P> |t| Coefficient Min. Max. 

Autopilot Claimed (1/0) 0.12 1.54 0.13 0.12 -0.03 0.27 

Tesla Vehicle Caught Fire (1/0) 0.17 1.89 0.06 0.16 -0.01 0.33 

Human Factors       

Errors by Tesla Driver (1/0) 0.17 1.89 0.06 0.16 -0.01 0.33 

Violations by Tesla Driver (1/0) -0.06 -0.59 0.56 -0.06 -0.26 0.14 

Tesla Driver being Impaired with Alcohol (1/0) -0.09 -2.28 0.03 -0.09 -0.16 -0.01 

Model of Tesla Vehicle       

Tesla Model 3 (1/0) 0.21 1.93 0.06 0.20 -0.01 0.40 

Tesla Model X (1/0) -0.07 -2.03 0.05 -0.07 -0.14 0.00 

Tesla Model Y (1/0) 0.04 0.57 0.57 0.04 -0.10 0.18 

Tesla Model S (1/0) -0.05 -0.60 0.55 -0.05 -0.20 0.11 

Collision Type       

Fixed Object (1/0) -0.02 -0.99 0.33 -0.02 -0.05 0.02 

Other Key Factors       

Tesla Driver Male (1/0) 0.12 0.95 0.35 0.12 -0.13 0.35 

Night time indicator (1/0) -0.14 -1.19 0.24 -0.13 -0.35 0.09 

Pedestrian Involved (1/0) -0.01 -0.12 0.91 -0.01 -0.11 0.10 

Crash occurred at intersection (1/0) -0.19 -1.91 0.06 -0.19 -0.38 0.01 
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Table 6.11 Results of the Binary Logistic Regression Model 

Dependent Variable Category Coef. Std. err. P>|z| Odds Ratio 

Tesla Driver Killed           

Independent Variable           

Intercept   -1.05 0.50 0.04 0.35 

Tesla Vehicle Caught Fire No (Base)         

  Yes 3.92 1.13 0.00 50.21 

Errors by Tesla Driver No (Base)         

  Yes 1.19 0.56 0.03 3.29 

Crash occurred at intersection No (Base)         

  Yes -1.64 0.75 0.03 0.19 

Tesla Driver Age Continuous 0.03 0.01 0.00 1.03 

Other Vehicle Driver Age Continuous -0.04 0.01 0.01 0.96 

N = 126 

Likelihood Ratio chi2 (5) = 74.30 

Prob > chi2 = 0.0000 

Pseudo R2 = 0.4304 

LL (null) = -86.32 

LL (model) = -49.17 

df = 6 

AIC = 110.33 

BIC = 127.35 
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Text Analysis on Crash Reports 

Word clouds were made for both single-vehicle and multi-vehicle crashes to identify the presence 

of any pattern in these crashes or any issue that could be considered necessary for these different 

types of crashes. Figure 6.4 (a) and Figure 6.4 (b) show the word cloud for single-vehicle and 

multi-vehicle Tesla-involved media-reported fatal crashes, respectively. Both Figure 6.4 (a) and 

Figure 6.4 (b) have many common words but only Figure 6.4 (b), which is multi-vehicle related, 

had “Autopilot.” This indicates that AV-based crash reports under report about Autopilot, whereas 

Autopilot is a vital feature for AVs like Tesla and should have been reported in detail. “Fire” is 

mentioned more in single-vehicle Tesla crash media reports compared to multi-vehicle ones. 

“Lane” is mentioned more in multi-vehicle Tesla crash media reports. Only multi-vehicle crash 

reports mentioned “Truck.” 

Comparison of Tesla of Luxury Electric Vehicles 

Figure 6.5 shows the yearly sales figures of three Tesla models and some other similar luxury 

electric cars in the US. It is observed that Tesla has higher sales than any other similar car 

manufacturer brand, indicating that their exposure is higher. Therefore, the higher fatality rates of 

Tesla would be because of higher exposure and does not mean that Tesla is any worse or superior 

to similar cars. To understand the complexity of the situation, FARS data were checked for 

validity. In the 2019 FARS database, 40 fatal crashes involving Tesla were found. The fatal crash 

for the BMW i3 was one, and Nissan Leaf was six in 2019 in the US (210). These numbers do not 

signal less chance of fatality for Tesla crashes compared to other similar cars. But the sales figures 

indicate that Tesla has more exposure and, therefore, more cars have chances of crashes as they 

are more in number on the roads. These critical issues should be studied further. 

Limitations  

The study may add useful knowledge to the existing literature on the safety of AVs like Tesla. 

However, the main limitation of this study is that the results are based on fatal crashes that involved 

only Tesla. Hence, the results cannot be generalized to all AVs. Another critical issue is the lower 

sample size of AV field crashes which is also highlighted in the existing literature. Although the data 

source reported more than 200 Tesla-involved fatal crashes, only 46 were single-vehicle and 80 

were multi-vehicle crashes. They are still not large enough to do robust statistical analysis. The 

website only reports Tesla involved in Fatal crashes, but there might be Tesla involved in other 

crashes and a study of autopilot with those crashes would provide more insight. The frequency of 

driver errors, violations, and crashes at intersections is shallow, and it is difficult to infer a 

conclusion from their analysis. Another limitation of AV data is also observed in the FARS dataset, 

where Tesla is coded as “Other Domestic manufacturer-Tesla.” Road geometry and land use 

information were not available in the data. Better coding of this model is necessary, like other 

vehicle manufacturers.  
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Figure 6.4 Word Cloud for Media Reported Tesla-Involved (a) Single-Vehicle and (b) Multi-

Vehicle Fatal Crashes 

 

 

 

 

Figure 6.5 Year to Date Sales of Luxury Electric Vehicles  

Data Source: (211) 

On the other hand, AVs can malfunction for various reasons, causing crashes. 
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Conclusions 

In general, automated vehicles can be relatively safer than human-driven vehicles because artificial 

intelligence offers a driving experience free of distractions, errors, and traffic violations. This 

study contributes to the existing body of AV-based literature by evaluating the safety of Tesla cars. 

A unique database was created from Tesla's fatal crash data (tesladeaths.com). Using links to the 

news narratives for each fatal crash, several new variables were coded. Several interesting insights 

are found focusing on 46 single-vehicle crashes (some involving pedestrians) and 80 multi-vehicle 

Tesla crashes which have occurred in the US. The key findings of this study are as follows: 

1. For single vehicle crashes, Tesla drivers died 50% (N=3) of the time and survived 50% 
(N=3) of the time when Autopilot was claimed. For multi vehicle crashes, 75% (N=3) of 
the time driver was killed and 25% (N=1) time they survived when Autopilot was claimed.  

2. When the Autopilot was not claimed in single vehicle crashes, in 75% (N=30) cases Tesla 
drivers died and in 25% cases (N=10) the drivers survived. 

3. Referring to the Somers’ D test to observe the relationship of the Autopilot with Tesla 
driver survivability, Autopilot engagement does not seem to correlate with Tesla driver 
survivability.  

4. Somers’ D coefficient of -0.40 suggests that the chance of a Tesla driver fatality is 40% 
lower compared to crashes that occur at non-intersection locations for single vehicle 
crashes. 

5. Somers’ D test indicate that Tesla driver is less likely to survive in a crash with fixed objects 
in single vehicle crashes. 

6. In the multi-vehicle crashes, statistically significant association was found for Driver 
impairment and Tesla model X. There was 9% less chance of Tesla driver fatality if Tesla 
driver was impaired compared to if not impaired and 7% less chance of Tesla driver fatality 
is Tesla model X compared to if it is not. 

7. The Binary logistic regression model suggest that if a fatal crash happens to Tesla Vehicles, 

the Tesla Driver is more likely to be killed when the Tesla Vehicle gets fire, the Tesla 

Driver makes error, or if the Tesla Drivers’ age increases. Conversely, if a fatal crash 

happens to Tesla Vehicles, the Tesla Driver is less likely to be killed when the crash occurs 

at an intersection or when other vehicle’s driver’s age increases. 

In this study, the relationship of Autopilot engagement and Tesla driver behaviors with the 

survivability of Tesla drivers is investigated. It would be interesting to see how the role of 

Autopilot and Tesla driver behaviors change in non-fatal crash scenarios. Future studies can 

further investigate the pedestrian identification system in the Autopilot feature. Furthermore, note 

that the website (tesladeaths.com) has not included Media-reported non-fatal Tesla crashes and it 

would be interesting in the future to see the role of Autopilot engagement and Tesla driver behavior 

in crashes that resulted in severe injuries and minor injuries. In the future, the availability of larger 

sample sizes may overcome some of the limitations. Although the results are not generalizable, 

future studies on AV can be benefitted from the method, results, and insights of this study. This 

study will be helpful for AV manufacturers, notably Tesla, who are working to improve the safety 

features of their vehicles.  
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CHAPTER 7. CONCLUSION 
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Connected and Automated Vehicles are still at the early stage of test and deployment. Therefore, 

their safety performance analysis is crucial for improving the technology and ensuring people’s 

safety. This dissertation intends to examine connectivity and automation technologies to gain 

comprehensive knowledge of their safety performances. Existing literature showed that 

connectivity application is new in transit buses and research is scarce in this area. Existing 

literature is limited in examining automation technology as AV data is available mainly from 

simulation-based studies and test-bed data are not publicly available. As automation technology is 

still in the early stage, manufacturers have achieved lower-level automation in personal vehicles 

so far. This dissertation addresses these gaps and analyzes both technologies at their early stages 

of deployment, which can be helpful in their advancement and eventually assure multimodal 

safety. A summary of the findings of this dissertation is provided below. This will be followed by 

research implications and directions for future research. 

Chapter 2’s goal is to enhance transit and pedestrian safety by analyzing BSMs and alerts. Data 

is collected from a CV pilot project that deployed connectivity technology in transit buses and 

intersections. After integrating this big data from CVs with road geometry and crash information, 

a unique database is developed for safety analysis. It is identified that the EPCW alerts are 

negatively associated with bus-involved crashes and driving volatility is positively associated with 

bus-involved crashes. CV alerts have shown the potential to identify high-risk hazardous locations 

for transit buses.  

Chapter 3’s goal is to enhance pedestrian safety by exploring pedestrian-based alerts at different 

intersections. Pedestrian-based alerts at three different intersections are studied in depth and novel 

safety surrogate measures are developed to assess the performance of these pedestrian-based alerts. 

The SSM (MTDI) and Alert Zone have shown early evidence of the performance of EPCW 

technologies.  

Chapter 4’s goal is to understand the state of the art of automated shuttle pilot projects in the US. 

Information on completed and ongoing automated shuttle pilot projects in the US from 2016 to 

2019 is reviewed. It is identified that smart cities can consider University Campuses, Downtowns, 

Office Parks, Stadiums, Transit Stations, and Entertainment Areas for early deployment of 

automated shuttles.  

Chapter 5’s goal is to contribute to AV safety by analyzing ADAS-equipped and engaged AV 

crashes. 315 AV crashes that occurred in the US between July 2021 and May 2022 are utilized for 

the analysis. The statistical significant associations are found between crash severity and AV 

features and their drivers. Results suggest that, compared to Non-Tesla AVs, Tesla AVs are 

associated with a 25% lesser chance of injury crashes and a 7% lesser chance of fatal or severe 

crashes. AVs heavier than 4000 pounds are associated with 8% higher chance of injury crashes 

and 4% higher chance of fatal or severe crashes compared to AVs weighing less than 3500 pounds. 

Highway/freeways contained more fatal or severe crashes and non-highways contained more 

injury crashes in these years. This study attempts to understand the effectiveness of ADAS 

technology in SAE level 2 automated vehicles in preventing crash severity. 

Chapter 6’s goal is to contribute to the knowledge body of AV safety by investigating Tesla 

autopilot engagement. 46 single-vehicle and 80 multi-vehicle Tesla-involved fatal crashes that 
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occurred in the US between 2013 and June 2022 are extracted from media reports. It is observed 

that tesla drivers died more in fatal crashes when autopilot is not claimed compared to fatal crashes 

where autopilot is claimed. This showed some potential of the Tesla autopilot feature to provide 

safety, although no statistically significant associations are found between tesla driver survivability 

and autopilot engagement. Text analysis shows a scarcity of mention of the Autopilot feature in 

media reports which should be brought to attention. Text analysis shows mention of the word Fire 

more in single-vehicle crashes. Fire-involved fatal crashes are found to be higher in percentage in 

Tesla vehicles compared to all other vehicles in the US.   

Implications 

The implications of this dissertation’s findings can assist in advancing multimodal safety. Chapter 

2 and chapter 3 show that deploying CV and ADAS technologies can help reduce pedestrian and 

bus-involved crashes. The CV technology can improve transit drivers’ awareness of pedestrians at 

intersections. The CV alerts can be used to find the high-risk hazardous location of buses. The 

findings from these chapters provide the motivation for further investigation of CV technology. 

Policies can be developed to encourage more research to improve CV technology to accelerate the 

deployment of CV technologies. CV researchers can utilize MTDI and Alert Zone to evaluate the 

impact of CVs. Transit agencies and cities can deploy these technologies to reduce bus-involved 

crashes at their cities’ critical intersections and improve the safety of vulnerable road users. Traffic 

engineers and road designers can consider installing roadside units for CVs and develop road 

designs welcoming these emerging technologies. Chapter 4 identified three critical characteristics 

of automated shuttle deployments in the United States that shows early trends and guides other 

localities considering the deployment of automated shuttles soon. Chapter 5’s key findings are 

helpful for Tesla and other AV manufacturers and safety researchers who work for safety 

improvements of AVs. The insights on AV crashes in highways/freeways and non-highways will 

help city planners, traffic engineers, and designers develop better and safer road designs for AV 

users. Key findings from Chapter 6 infer that Tesla manufacturers and AV safety researchers 

should investigate more on Tesla’s autopilot feature and fire-involved fatal crashes of Tesla. More 

in-depth research on fire-involved Tesla crashes will help reduce the predominance of fire-

involved crash fatalities among Tesla drivers.  

Overall, this dissertation can be helpful for traffic safety practitioners, engineers, policymakers, 

and city planners who work to prepare their cities for connected and automated vehicles. 

Implication of the findings and insights can assist cities that are planning to achieve vision zero 

goals. 

Future Research 

This dissertation provides timely suggestions for CAV research for the future. In the future, 

researchers can examine Basic Safety Messages and Alerts at various intersections and bus stops 

in busy metropolitan cities and rural areas to develop generalizable models for CV technologies. 

Alerts and BSMs from CVs can be investigated to find an association with crash severity. The 

EPCW alert should be studied in detail at different intersections and roundabouts over a larger 

geographic area to further the understanding of bus-involved pedestrian crash studies. Future 
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efforts should focus on associating CV alerts with traffic signal design and exposure data like 

pedestrian and vehicle flow at intersections, bus driver characteristics, driver reaction time, 

stopping sight distance of CVs, and socio-economic characteristics of the area. Transit riders and 

commuters of the locations identified to have automated shuttle pilot projects can be surveyed to 

understand user opinions about this shuttle.  

Future research can include more spatial and temporal information, driver demography and 

behavior information, and road geometry information on Automated Vehicle crashes for better 

insight into various safety features of AVs. Tesla motor vehicle’s Autopilot should be studied in 

depth. It would be interesting in the future to see the role of Autopilot engagement and Tesla driver 

behavior in crashes that resulted in severe injuries and minor injuries. In the future, the availability 

of larger AV sample sizes may overcome some limitations. Although all results are not 

generalizable, future studies on AVs can be benefitted from the methods, results, and insights of 

this dissertation. 
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