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Abstract: Autonomous vehicles (AVs) are expected to eventually replace traditional vehicles
that require human drivers. In recent years, several AV manufacturers have begun on-road
testing to validate the safety of these vehicles. California is one of the few states to permit
such testing, regulating it through a permit system. To ensure transparency and public
awareness, the state mandates that any licensed AV manufacturer conducting on-road tests
report crashes involving AVs. This must be conducted using a standardized format known
as OL316, a requirement that has been in place since late 2014. While previous research has
explored AV crash data, most studies have focused on specific timeframes without covering
the entire period since 2014. Moreover, converting the data from PDFs to machine-readable
formats has often been a manual process, and the description text field in reports has rarely
been fully analyzed. This article presents a comprehensive, machine-readable dataset of
AV crashes from 2014 to September 2024, along with publicly available parsing code to
streamline future data analysis. Additionally, we provide an updated statistical analysis
of AV crashes during this period. Furthermore, we leverage Generative Al (GenAl) to
analyze the description text field of the OL316 reports. This analysis identifies common
crash scenarios, contributing factors, and additional insights into moderate and major
incidents. The final dataset comprises 728 crash entries. Notably, only 2% of the crashes
were categorized as major, while 14% were classified as moderate. Furthermore, 43% of
the crashes occurred while the AV was stationary, whereas 55% took place while the AV
was in motion. Our GenAlI analysis indicates that, in many instances, human drivers of
non-autonomous vehicles were at fault. Common causes include rear-end collisions due to
insufficient following distances, traffic violations such as running red lights or stop signs,
and reckless behaviors like lane boundary violations or speeding.

Keywords: autonomous vehicles; vehicle crash analysis; transportation safety; OL316;
generative artificial intelligence

1. Introduction

The emergence of Autonomous Vehicles (AVs) marks a significant shift in the landscape
of transportation, offering the promise of improved road safety and efficiency. Unlike
traditional vehicles operated by human drivers, AVs utilize a complex array of sensors and
advanced algorithms to navigate and make real-time decisions on the road. However, the
reality of AV operation is not without its challenges. Accidents involving AVs can occur due
to a variety of factors, including technical malfunctions, software bugs, or unpredictable
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behavior from human drivers and pedestrians. As companies attempt advancements
toward fully autonomous systems, it is essential to recognize that AV technology is still in
its developmental phase and requires further refinement to achieve a level of safety and
reliability that exceeds that of conventional vehicles [1-4].

Over the past few decades, significant advancements in hardware and software have
moved AVs from initial prototypes to sophisticated systems capable of navigating complex
traffic scenarios [3]. Leading companies such as Waymo, Cruise and Baidu Apollo are at
the forefront of testing AVs in real-world conditions, integrating them into mixed traffic
environments alongside human-driven vehicles. This transition to a mixed traffic scenario
holds considerable potential, as it is expected to enhance mobility, alleviate congestion,
and improve environmental sustainability. Despite the optimistic outlook, it is important
to recognize that over 90% of traffic accidents are linked to human error. Nevertheless,
incidents involving both AVs and human-driven vehicles still occur, highlighting the need
for a deeper understanding of the dynamics of these interactions. Identifying the condi-
tions under which conflicts arise can provide crucial insights into refining vehicle control
algorithms and developing regulations aimed at improving safety in mixed traffic [5,6].

The primary goal of transportation automation is to tackle persistent challenges like
traffic safety and congestion. The National Highway Traffic Safety Administration (NHTSA)
envisions a future where fully automated vehicles substantially reduce crash rates by
eliminating errors resulted from human driving [7]. Besides improving traffic flow and
stability, the widespread use of AVs is anticipated to enhance mobility for individuals
with disabilities and older adults. Many modern vehicles already feature advanced driver
assistance systems (ADAS) that alert drivers to potential hazards, allowing for timely
preventive actions. The Society of Automotive Engineers (SAE) has outlined six levels of
vehicle automation, ranging from Level 0, which involves no automation, to Level 5, where
full automation eliminates the need for a driver. Levels 1 and 2 offer partial automation
through various ADAS functions, while Levels 3 and 4 provide more advanced automation
capabilities [8,9]. Table 1 lists these six levels with additional insights and details [10].

Table 1. SAE Automation Levels [10].

Level Autonomous Level
Driver is fully responsible for driving the vehicle while system provides momentary
Level 0 . . . . . .
driving assistance, like warnings and alerts, or emergency safety interventions.
Level 1 Driver is fully responsible for driving the vehicle while system provides continuous
assistance with either acceleration/braking OR steering.
Level 2 Driver is fully responsible for driving the vehicle while system provides continuous
assistance with both acceleration/braking AND steering.
Level 3 System handles all aspects of driving while driver remains available to take over driving if
system can no longer operate.
When engaged, system is fully responsible for driving tasks within limited service areas. A
Level 4 Lo .
human driver is not needed to operate the vehicle.
Level 5 When engaged, system is fully responsible for driving tasks under all conditions and on all

roadways. A human driver is not needed to operate the vehicle.

As manufacturers conduct tests on their AVs, mainly focused on Levels 2 and 3 au-
tomations, regulatory frameworks like those in California play a crucial role in supporting
these efforts and collecting valuable data on AV performance and safety. However, there
remains a key challenge: AVs need to integrate effectively with human-driven vehicles
until market penetration nears full saturation. Research shows that low market penetration
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REPORT OF TRAFFIC COLLISION INVOLVING
AN AUTONOMOUS VEHICLE

can compromise traffic stability, especially at intersections and roundabouts, raising safety
concerns. To maximize the benefits of automated transportation, continued research and
development are essential to address these challenges and improve safety in mixed-traffic
settings [11,12].

The California State AV Crash Reports, designated as OL316, have been thoroughly
analyzed since their introduction in 2014. An example of this report is shown in Figure 1
The report is divided into three primary sections: The first page covers details about the AV
manufacturer and business, along with specific AV information such as make, model, year,
and crash impact details, including damage severity and the affected areas on the vehicle.
The second page focuses on the other vehicle involved, including its make and model,
crash-related injuries, property damage, and a narrative describing the accident. Finally,
the third page describes environmental factors at the time of the crash, such as weather,
road conditions, and lighting [13,14]. For improved readability, samples of the reports have
been uploaded to the GitHub repository and can be accessed through the following link:
https:/ / github.com/melyabroudi/OL316-Parsing-/tree/main/sample_reports (accessed
on 5 February 2025).
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Figure 1. California Crash report OL316 sample. (a) First page—autonomous vehicle information
and crash impact. (b) Second page—other vehicle information and cash description. (c) Third
page—environment information [13].

This article examines the complete set of reports available from 2014 to September
2024. We have created and publicly released a fully machine-readable version of these
reports in three different formats: Microsoft Excel (XLS), Comma Separated Values (CSV),
and JavaScript Object Notation (JSON), along with the corresponding Portable Docu-
ment Format (PDF) parsing tool. Additionally, we utilize Generative Al (GenAl) from
three platforms: ChatGPT, Gemini, and Perplexity to uncover hidden insights and rela-
tionships within the crash descriptions, focusing specifically on the Major and Moderate
crash categories.

2. Literature Review

Several recent publications, including [14,15], have provided comprehensive reviews
of the existing work on this topic. However, this section specifically focuses on the recent
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literature related to the analysis of OL316 reports. Our goal is to identify the key gap in
current research, which we believe could offer a deeper understanding of AV crashes, their
severity, and the interaction between autonomous and human driving.

Boggs et al. [16] analyzed crash patterns involving AVs using 113 OL316 reports col-
lected between 2014 and November 2018, along with manually extracted narrative text.
The authors calculated phrase frequencies to interpret the narratives of crash reports. Their
analysis identified rear-end collisions as the most frequent type of crash, particularly in
areas with mixed land use. Injury-related crashes were also highlighted as critical events
warranting further analysis. The study utilized text analytics and Bayesian statistical
modeling to explore correlations between crash characteristics, roadway conditions, and
AV engagement modes. A key finding was that AVs operating in fully automated mode
were more likely to be involved in rear-end collisions compared to those with driver in-
tervention. This research provides valuable insights into AV safety performance and their
interactions within complex urban environments. Sinha et al. [14] conducted an analysis of
AV crashes between 14 October 2014 and 15 June 2020. Their work focused on two main
components: (1) data analysis, which included examining trends and statistical patterns,
and (2) the development of a crash severity prediction model using variables from the
crash reports as well as newly introduced variables. Although the models’ performance
was limited, the authors used these results to emphasize the significance of balanced data
in improving prediction accuracy, particularly in predicting crash severity. They caution
against drawing conclusions about technological progress based solely on disengagement
metrics and advocate for incorporating more detailed data, such as spatial information
and images from crash sites, to enhance the reliability of future studies. Furthermore,
they stress the importance of considering psychological factors, like driver risk attitudes,
and call for improved crash severity reporting and more precise assessment tools. Liu
et al. [17] examined the differences in crash patterns between AVs and conventional vehicles
using a pre-crash scenario typology. The study analyzed 122 AV crashes and 2084 con-
ventional vehicle crashes, identifying 15 AV-specific scenarios and 26 scenarios unique to
conventional vehicles. Rear-end and lane-change collisions emerged as the most common
crash types for AVs, with distinct characteristics linked to their perception-reaction times,
lane-change intention detection, and path-planning capabilities. The findings revealed
that AVs are 1.6 times more likely to be rear-ended and experience lane-change collisions
at twice the frequency of conventional vehicles. McCarthy [18] analyzed AV crashes in
California from 2015 to 2020, categorizing the incidents into three groups: (1) collisions
that occurred while the AV was operating in Autonomous Mode (AM), (2) “disengaged”
collisions, where the AV system was disengaged just before the crash, and (3) collisions
involving human-driven vehicles. The study emphasizes weaknesses in the reporting
system, guidelines, and testing processes, highlighting the ongoing challenges in AV de-
velopment. While acknowledging advancements in AV technology, the author points out
that current systems still struggle with real-world conditions, such as snow and rain. The
paper also discusses concerns related to variability in self-reporting, the crash rates of AVs
under ideal testing conditions, and the absence of national standards. Houseal et al. [19]
investigated the factors influencing crashes and disengagements of AVs during field tests
in California. Through exploratory factor analysis, logistic regression, and decision tree
modeling, the study identified human error, system limitations, and environmental factors
as key contributors to AV-related incidents. The analysis revealed that rear-end collisions
were the most common crash type, often attributed to the conservatism of AV systems
and the driving behavior of human operators. The findings emphasize the importance
of advancing AV sensor technology, improving public data reporting, and conducting
ongoing analyses to enhance safety and foster public acceptance of AV technologies. Lee
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et al. [15] examined mixed traffic scenarios involving both self-driving and human-driven
vehicles, using crash data from California between 2019 and 2021. They developed a path
analytic framework that combined both frequentist and Bayesian approaches to analyze the
relationships between various factors, including pre-crash conditions, AV driving modes,
crash types, and outcomes. Additionally, the authors created new variables from crash
narratives, incorporating spatial details like road segment type, road classification, and land
use. Their findings revealed that 51.9% of the crashes were rear-end collisions, with AVs in
automated driving mode being more susceptible to such collisions than in the conventional
mode. However, the automated mode did not notably affect the likelihood of sideswipe
collisions, injuries, or damage levels. Another key insight was that manual disengagement
was more likely when an AV interacted with a transit vehicle just before a crash, although
this interaction was found to be negatively correlated with injury crashes. Pamidimukkala
et al. [20] analyzed 259 crashes involving AVs reported in California between 2014 and 2020.
The study revealed that rear-end collisions during autonomous operation were the most
common crash type, with minimal injuries reported. Environmental factors such as weather
and lighting had little impact, as most incidents occurred in clear daylight. Although AVs
were seldom at fault, the analysis highlighted that a significant proportion of crashes in-
volved compact and midsize cars. This comprehensive study provides valuable insights
into AV crash trends, contributing to a deeper understanding of their implications for traffic
safety. Huang et al. [21] investigate the factors contributing to recent AV crashes through
an analysis of crash reports from 2021 to 2023. Using a mixed-method approach that com-
bines graphical network techniques, such as the Additive Bayesian Network (ABN), and
regression analysis, the study seeks to identify the key factors behind AV accidents. The
methodology is structured around three key steps: selecting and defining variables, identi-
fying interrelationships between them, and applying ABN modeling. The study primarily
draws on datasets from the National Highway Traffic Safety Administration (NHTSA),
following the Standing General Order (S5GO). The ABN-regression approach led to the
development of seven models that focus on factors like Roadway Type, Speed Gap Ratio
(SGR), Pre-crash Movement of AV (PMAV), Crash Type, Injury Severity, Property Damage,
and Roadway Surface. The findings highlight that despite significant advancements in AV
technology, rear-end collisions continue to be the most frequent type of accident involving
AVs, possibly due to differences in driving behavior between AVs and human drivers.
Moreover, the study suggests that the pre-crash movements of other vehicles play a more
significant role in determining the type of crash than the movements of the AVs themselves.
However, outcomes such as injury severity are more strongly associated with environmen-
tal factors and crash conditions, such as crash type and operating circumstances. Ghorai
et al. [22] investigate the types of collisions, maneuvers, and driving errors associated
with AV involvement in traffic accidents. The authors compare accidents involving AVs
with those involving only non-AVs, providing valuable insights into the roles that AVs,
human drivers, and other road users play in these incidents. The study begins by reviewing
high-profile AV crashes that resulted in fatalities before conducting a detailed analysis of
California AV crash reports from 2019 to 2022, specifically focusing on incidents where the
autonomous driving system was active. The findings reveal that rear-end collisions are the
most frequent type of AV-related accidents, making up 65.8% of the cases. Furthermore,
the authors perform a statistical analysis to explore how factors such as weather, lighting,
collision type, and road conditions influence the likelihood of different accident types.
Although previous research has examined OL316 reports from various perspectives,
to the best of our knowledge, no studies have yet analyzed the complete set of available
reports from 2024, nor have any released a fully machine-readable version of these reports.
Additionally, the potential of GenAl in analyzing crash descriptions has not been explored.
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It could undercover hidden information and reduce the manual effort in counting phrases
or crafting powerful features to train custom text analysis methods. In this work, we focus
on the entire collection of available reports from 2014 to September 2024. We generate
and publicly release both a fully machine-readable version of the reports in three different
formats: XLS, CSV, JSON, and the associated PDF parsing tool. Furthermore, we leverage
GenAl from three different platforms: ChatGPT, Gemini, and Perplexity, to uncover hidden
information and relationships in the crash descriptions, specifically within the Major and
Moderate crash categories.

3. Analysis

This section focuses on three key topics: (1) updated statistics and recent trends in
California AV crash reports (OL316) from 2014 to September 2024, (2) a GenAl based
analysis of the crash report descriptions for major and moderate incidents, where targeted
questions were posed to the GenAl to uncover valuable insights, such as the primary
causes of crashes, fault determination, whether the crashes were avoidable, and potential
prevention strategies, and (3) a Python-based parsing tool designed to extract information
from the OL316 reports and generate a machine-readable dataset.

3.1. Updated Statsitcs and Recent Trends in California AV OL316 Reports

Although several previous studies have analyzed California Department of Motor
Vehicles (DMV) AV crashes reports OL316, and generated valuable insights, to the best of
our knowledge, none have yet included the complete data from 2014 to 2024 (available
reports). Additionally, most prior research focused on specific intervals, such as [21],
which examined the period from July 2021 to April 2023; [15], which focused on 2019
to 2021; [22], which covered January 2019 to October 2022; [12], which analyzed 2014
to 2019; and [14] which analyzed 14 October 2014 to 15 June 2020. We believe that a
comprehensive analysis of the complete dataset is still missing from the literature. Such
an analysis is crucial for understanding trends, such as how non-autonomous vehicle
drivers are improving their interactions with AVs, and how automakers are updating their
algorithms and testing procedures to facilitate smoother interactions in mixed driving
scenarios, ultimately reducing the number of crashes.

Our dataset covers the period from 2014 to September 2024. For the years 2014 to 2018,
we rely on a manually prepared dataset from [23]. This dataset reflects significant effort and
meticulous construction, serving as a valuable foundation for our work. However, it does
have some gaps, particularly the absence of detailed crash descriptions that are typically
available in California DMV OL316 reports. To address this, we manually supplemented
the missing information to align it with the requirements of our final dataset. This step was
essential to maintain data consistency and reliability for our analysis.

For reports from 2019 to 2024 (approximately six years), we developed a parsing tool
that automatically extracts data from the reports and generates a machine-readable dataset.
Further details about the tool will be provided in a subsequent section. This tool will be
made available to the public, allowing for customization and quicker analysis, as well as
facilitating the inclusion of future reports.

It is important to note that in 2019, we encountered four reports that could not be
parsed by our tool, and thus, we manually populated these reports. The names of the
affected reports are, as follows: GMCruise_010719, GMCruise_011019, Waymo_012619, and
Auroralnnovation_011019, where the digits in the names represent the date of the crash in
the format “mmddyy”.
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Figure 2 illustrates the total number of California AV crash reports per year, from 2014
to September 2024. This figure reveals several key insights. First, the total number of crash
reports increased from 2014 to 2022, with the exception of 2020, which saw a decrease due
to the COVID-19 pandemic and the resulting reduction in vehicles on the road. Starting in
2023, the number of California AV crash reports began to decline, and given that we are in
the final quarter of 2024, we anticipate this trend will continue. The authors attribute this
decline to two factors: (1) advancements in AV algorithms, and (2) improved driving skills
among non-autonomous vehicle drivers, particularly in mixed driving scenarios.

California Crash Reports OL316 for the
period 2014-2024"
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Figure 2. Crash reports count per year for the range of 20142024 *. * Until September.

During the period from 2014 to September 2024, 28 different licensed AV testing
manufacturers have filed OL316 reports. Table 2 shows the total number of crash reports
filed by each of the 28 manufacturers. From the table, it is clear that Waymo LLC, GM
Cruise LLC, and Zoox Inc, are the major licensed AV testing manufacturers to file OL316
reports with percentage share of 37%, 33%, and 14%, respectively, of the total amount of
reports. This large share of the three manufacturers is a great indication of their intense
and serious testing activities as per their number of registered testing vehicles on the roads.

As mentioned earlier, OL316 reports provide several key pieces of information, includ-
ing the level of damage sustained by AVs, which reflects the severity of each crash. The
damage levels are categorized into five groups: Unknown, None, Minor, Moderate, and
Major. Reports that did not specify a damage level were grouped as “Empty”. Figure 3
displays a pie chart showing the distribution and count of OL316 reports across these
categories. Notably, only about 2% of the reports indicated major damage to the AVs, while
67% reported minor damage.

Crashes involving AVs can occur while the AV is in motion or stopped in traffic. This
information is also recorded in the OL316 reports. Figure 4 presents a pie chart illustrating
the distribution of AV movement at the time of the crash. Similarly to the vehicle damage
data, some reports did not specify this information, and these were grouped into an
“Empty” category.



Electronics 2025, 14, 651

8 0f 23
Table 2. OL316 reports per testing manufacturer.
Manufacturers Name Number of Crash Reports
Waymo LLC 269
GM Cruise LLC 238
Zoox, Inc. 101
Google Auto LCC 23
Apple. Inc. 21
Pony.Al Inc. 13
Mercedes-Benz Research & Development North America, Inc. 10
WERIDE CORP 10
Lyft, Inc. 8
Nuro, Inc. 5
Argo AL LLC 4
Aurora Innovation, Inc. 3
Ghost Autonomy;, Inc. 3
Apollo Autonomous Driving USA LLC 3
UATCLLC 3
Apple, Inc. 2
Delphi Automotive systems, LLC, Nissan North America INC., Cruise Automation
Inc, Lexus, Toyota Research Institute, Inc., Jingchi Corp, Aimotive, Inc., Drive.ai, Inc., 1

Woven Planet North America, Inc., MOTIONAL, Beep, Inc., Nuro, Inc. (all
manufacturers in this cell reported only one crash report)

Autonomous Vehicle Damage

Empty, 67 Unknown, 2

None, 59
Major, 14

Moderate, 100

Minor, 486

Figure 3. Autonomous Vehicle damage levels and reports counts association.

Autonomous vehicle manufacturers conduct testing around the clock. Figure 5 illus-
trates the ratio of OL316 reports filed for crashes occurring during the AM and PM time
zones. Only three reports in the entire dataset did not specify the time of the crash. The
percentage of crashes in the PM zone is slightly higher than in the AM zone, which the

authors attribute to the typically heavier traffic conditions observed in the afternoon and
evening hours.
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AV Movment Status

12

m Moving = Stopin Traffic = Empty

Figure 4. Autonomous Vehicle movement status.

AV Crashes Timing

3

mPM =AM = Not Specfied

Figure 5. Autonomous Vehicles crashes occurrence time.

3.2. Major and Moderate Crashes Advanced Analysis

While all crash reports provide valuable insights into incidents involving AVs, this

section focuses on crashes that resulted in significant damage to the AVs, categorized as

either major or moderate damage.

3.2.1. Statistics of Moderate Crashes Data

Out of 728 crash reports, 100 were classified as having moderate damage, accounting

for 13.73% of the entire dataset. Figure 6 presents the distribution and counts of these

incidents across licensed AV testing manufacturers.
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Share of Moderate Damage Crashes by Licensed
Autonomous Vehicle Testing Manufacturers

11

u GM Cruise LLC

= Waymo LLC

= Zoox Inc.
Pony.Al, Inc.

= WERIDE CORP

= Apple Inc.

= Lyft, Inc.

m Mercedes-Benz R&D North America, Inc.

Figure 6. Moderate Damage Crashes distribution among licensed testing manufacturers.

Eight manufacturers reported incidents: GM Cruise LLC, Waymo LLC, Apple Inc.,
Zoox Inc., Pony.Al, Inc., WERIDE Corp, Lyft, Inc., and Mercedes-Benz. GM Cruise LLC
and Waymo LLC were the top two manufacturers reporting crashes in both the major and
moderate damage categories.

3.2.2. Statistics of Major Crashes Data

Out of 728 crash reports, 14 incidents were classified as having major damage, rep-
resenting 1.92% of all crashes. Four manufacturers reported such incidents: GM Cruise
LLC, Waymo LLC, Apple Inc., and Toyota Research Institute Inc. Among these, GM Cruise
LLC recorded the highest number of major damage incidents, followed by Waymo LLC.
Figure 7 illustrates the distribution of major crash reports across different manufacturers.

Share of Major Damage Crashes by Licensed
Autonomous Vehicle Testing Manufacturers

m Toyota Research Institute,
Inc
= Waymo LLC

= GM Cruise LLC

u Apple Inc.

Figure 7. Major Damage Crashes distribution among licensed testing manufacturers.

3.2.3. Major and Moderate Generative Al Crashes Narratives Text Analysis

The California AV Crash Report OL316 includes a text field used to describe the crash
event’s “Accident details—description”. Reporters typically provide details such as the
location of the crash, the vehicles involved, the maneuvers of both the AV and other vehicles
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prior to the crash, and the resulting damage. Additionally, the reports may indicate whether
the police were called, among other information. Figure 8 illustrates an example of this
text field.

SECTION 5 — ACCIDENT DETAILS - DESCRIPTION

x| Autonomous Mode Conventional Mode

A Cruise autonomous vehicle (“Cruise AV™). operating in driverless autonomous mode. was traveling in the rightmost lane on westbound
Pine Street between Polk Street and Larkin Street. A white Lexus traveling in the middle lane of westbound Pine Street alongside the Cruise
AV attempted to change into the rightmost lane in which the Cruise AV was traveling. Shortly thereafter, the white Lexus made contact
with the left rear door of the Cruise AV, damaging the Cruise AV’s left rear door. The driver of the other vehicle left the scene without
exchanging information. There were no injuries and a police report was later filed.

Figure 8. Example of accident details description text field.

To perform a detailed analysis and uncover hidden insights within the accident details
description field, we leveraged GenAl for text analysis. Specifically, we utilized three
leading GenAl platforms: ChatGPT [24], Perplexity [25], and Gemini [26]. The decision to
use multiple platforms aimed to enhance the accuracy and relevance of our findings.

To ensure consistency and uniformity, we carefully selected specific questions designed
to reveal critical information about the causes of crashes, determine whether the AV or
other road users were at fault, and explore potential measures to prevent such incidents.
Table 3 outlines the key questions posed to the GenAl platforms.

Table 3. Selected questions for GenAl models.

Question Number Question Narrative
1 What is the main cause of the crashes?
2 Could the crashes have been avoided?
3 How could the crashes have been avoided?
4 What is the most common location of damage in the crashes?
5 Who is at fault in the majority of the crashes?

The following pages provide tables summarizing the responses generated by the
GenAlI models. Tables 4-8 present the GenAl responses to the five distinct questions
outlined in Table 2, using the moderate crashes’ dataset, which consists of 100 entries.
Likewise, Tables 9-13 showcase the GenAl responses to the same set of questions, but based
on the major crashes’ dataset, containing 14 entries.

It is worth noting that some responses were quite lengthy, requiring manual editing to
condense them and ensure each table fits within a single page. This process retained the
key points while omitting extended discussions.
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Table 4. GenAl responses to question 1 using the Moderate Crashes Dataset.

Question

Platforms Responses

ChatGPT

Gemini

Perplexity

What is the main cause of
the crashes?

Failure to Yield.

Red Light Violations.

Improper Lane Changes.

Driver Negligence: Some crashes are
caused by drivers (manual mode or other
vehicles) failing to maintain control,
follow traffic rules, or properly judge
distances.

Human error is the leading cause of
crashes in the provided data. This
includes actions like running red lights,
failing to yield, and making unsafe lane
changes.

Rear-end collisions: Many incidents involve other
vehicles colliding with the rear of the AV while it is
stopped or slowing down.

Improper lane changes: Several crashes occurred
when vehicles were changing lanes or merging into
traffic, often without signaling or checking properly.
Intersection conflicts: Some crashes happened at
intersections, often involving vehicles running red
lights or failing to yield.

Disengagement from autonomous mode: In several
cases, crashes occurred shortly after the human driver
disengaged the autonomous mode.

Parking-related incidents: A number of crashes
involved vehicles pulling out of parking spots or
driveways.
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Table 5. GenAl responses to question 2 using the Moderate Crashes Dataset.

Platforms Responses

Question

ChatGPT Gemini Perplexity
Rear-end collisions: These crashes, which make up a
significant portion of the incidents, could often have
been avoided if the drivers behind the AV were more
attentive and maintained a safe following distance.
Based on the descriptions, many crashes appear ~ Lane change incidents: Better signaling, more
to have been caused by human error, such as: careful checking of blind spots, and improved
. . awareness from both autonomous and human-driven
e  Running red lights, .
s . vehicles could have prevented many of these crashes.
e  Failing to yield, . . . .
e  Making unsafe lane changes Intersection conflicts: Some crashes at intersections
Overall, while many incidents appear ; i could have been avoided if all drivers obeyed traffic
. . . e Following too closely and causing rear-end ) : :
avoidable with human or systemic .. signals and exercised proper caution.
Could the crashes collisions.

improvements, a small portion seems
unavoidable due to unpredictable
external factors.

have been avoided?

These types of crashes are often avoidable if
drivers follow traffic laws and practice safe
driving habits. Additionally, some crashes
occurred shortly after the AV operator disengaged
from autonomous mode, suggesting potential
issues with the transition between autonomous
and manual driving.

Disengagement-related incidents: Improved
handover protocols between autonomous and
manual modes might have prevented some crashes
that occurred shortly after disengagement.
Parking-related incidents: More careful
maneuvering and awareness from drivers pulling
out of parking spots or driveways could have
avoided these collisions.

While many crashes seem avoidable with improved
human driver behavior, some incidents may have
been difficult to prevent due to sudden or
unpredictable actions of other road users.
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Table 6. GenAl responses to question 3 using the Moderate Crashes Dataset.

Platforms Responses

Question — -
ChatGPT Gemini Perplexity
Improved Behavior of Other Road Users
for cases like: Red Light. Improved awareness from other drivers.
Compliance, Yielding Rules, Enhanced signaling and communication.
Maintaining Following Distance. . .. More cautious behavior in challenging situations.
) Improving the technology and training for AV L
Enhanced AV Features like Improved . " . Smoother transitions between autonomous and
. operators could potentially mitigate these issues.
How could the Sensor Systems, Proactive Safety e ) -y manual modes.
. While it is impossible to eliminate all crashes, o . .
crashes have been  Algorithms, Improved Emergency . . . Better prediction of human driver behavior.
. . addressing factors such as human error, improving . .
avoided? Response Mechanisms. . . . Improved infrastructure and traffic management:
. . AV technology, and increasing driver awareness L. . .
Environmental and Road Design s o Enhanced sensors and decision-making algorithms.
. . can significantly reduce the likelihood of crashes. . .
Improvements like Dedicated Lanes, Driver education.
Clearer Lane Markings and Signals, Stricter enforcement of traffic laws.
Traffic Control Enhancements Improved parking and driveway exit protocols.
Human Supervision in Manual Mode.
Table 7. GenAl responses to question 4 using the Moderate Crashes Dataset.
Platforms Responses
Question — -
ChatGPT Gemini Perplexity
What is the most It is worth noting that rear-end collisions appear to

common location of
damage in the
crashes?

The analysis reveals that the rear of the vehicles,
particularly the rear bumper, is the most frequently
damaged location in crashes involving AVs.

Most common location of damage in the
car crashes is the rear bumper.

be the most frequent type of crash, resulting in rear
bumper damage being the most common location
of damage overall. This is followed by damage to
the rear corners and sides of the vehicles.
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Table 8. GenAl responses to question 5 using the Moderate Crashes Dataset.

Question

Platforms Responses

ChatGPT

Gemini

Perplexity

Who is at fault in the
majority of the

The majority of crashes involve another
vehicle being at fault, primarily due to
actions like rear-ending the AVs, failing

In the majority of the crashes described, the other
vehicle is at fault. AVs are often rear-ended, struck
while stopped, or hit by vehicles violating traffic
laws. However, there are also instances where the

The majority of crashes appear to be caused by the
other vehicles involved rather than the
autonomous or test vehicles themselves. Many
incidents involve other vehicles rear-ending the
AVs, failing to stop at red lights, or making

» o
crashes? Z(})lgrl:ezstrafflc signals, or unsafe lane AVs are at fault, such as when they are involved in  improper lane changes that result in collisions. This
8eS- collisions while changing lanes or making turns. suggests that human drivers are often at fault in
these crashes.
Table 9. GenAl responses to question 1 using the Major Crashes Dataset.
) Platforms Responses
Question

ChatGPT

Gemini

Perplexity

Human Driver Errors: Rear-end
collisions, improper lane changes, and
running red lights.

Static or Unusual Obstacles: Interaction

What is the main
cause of the
crashes?

with fixed objects or unusual traffic
setups.
Autonomous Vehicle Challenges:

Testing conditions or system
disengagement in complex scenarios.
Human errors dominate the causes,
followed by situational and
system-specific factors.

Human Error by Other Drivers: Many incidents were
due to other drivers failing to obey traffic signals or
laws, such as running red lights or speeding.
Interactions with Other Road Users: Crashes occurred
when cyclists or other vehicles made contact with the
AV, often due to unexpected actions.

Environmental Factors: Some crashes involved
obstacles in the road, like construction equipment,
which the AVs had to navigate around.

Autonomous Vehicle Decision-Making: In certain
situations, the AVs had to brake or alter their speed in
response to perceived threats, which sometimes led to
collisions.

Human error by other drivers. Rear-end collisions
due to following vehicles not stopping in time.
Running red lights and colliding with the AV
vehicle. Speeding and failing to follow traffic rules.
Interactions with other road users.

Conflicts with public transportation vehicles, such
as city buses.

Environmental factors. (Navigating around
obstacles in the road, such as construction
equipment).

Autonomous vehicle decision-making.

Braking or slowing down in response to perceived
threats or obstacles.
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Table 10. GenAl responses to question 2 using the Major Crashes Dataset.

Platforms Responses

Question — -
ChatGPT Gemini Perplexity
Many of the crashes could potentially have been
avoided, primarily through improved human driver
Improved human driver behavior (e.g., behavior and adherence to traffic laws. Key factors that
maintaining safe distances, obeying The main causes of the crashes include reckless could have prevented these incidents include the
traffic laws). driving by other vehicles, complex driving following: Better compliance with traffic signals and
Enhanced autonomous system environments, and potential limitations in the speed limits by other drivers. Increased awareness and
Could the crashes ties .. . . . . . .
capabilities (e.g., better obstacle autonomous driving systems. While some caution from cyclists and pedestrians when interacting
have been . o . : . o . T .
avoided? detection, predictive algorithms for crashes seem unavoidable, others highlight with AVs. Improved navigation of construction zones and
) human errors). areas where improvements in technology or obstacles in the road. Enhanced detection and response
Better traffic management (e.g., clearer driver attention could potentially prevent capabilities of AVs in complex traffic scenarios.
lane markings, reduced interaction with ~ similar incidents. However, it is important to note that some incidents,
unpredictable elements). particularly those involving unexpected obstacles or
sudden actions by other road users, may have been
difficult to avoid entirely.
Table 11. GenAl responses to question 3 using the Major Crashes Dataset.
Platforms Responses
Question — -
ChatGPT Gemini Perplexity
Safer Human Driving: Improved Better adherence to traffic laws by other drivers,
attentiveness, adherence to traffic laws, including obeying speed limits and traffic signals.
and maintaining safe following distances. . . Increased awareness and caution from cyclists when
Some crashes were likely unavoidable due to . .
Advanced Autonomous Technology: . . . approaching AV from behind.
- the actions of other drivers, such as running .
Enhanced predictive systems, obstacle . L . . Improved navigation around road obstacles and
. . red lights or swerving into oncoming traffic. . .
How could the  detection, and proactive maneuvers. construction equipment by AVs.

crashes have
been avoided?

Improved Traffic Infrastructure: Clearer
signage, lane markings, and better
separation of autonomous and
human-driven vehicles.

Rigorous Testing Protocols: Safer testing
environments to reduce errors during
manual operations.

Other crashes potentially could have been
avoided with improved technology or driver
attention, such as those involving stationary
objects or disengagement from autonomous
mode just before a collision.

Enhanced detection and response capabilities of AVs in
complex traffic scenarios, such as interactions with public
transit vehicles.

More cautious driving by human drivers in challenging
conditions, like downhill roads.

Better human driver attention to avoid rear-end collisions
with stopped or slowing AVs.




Electronics 2025, 14, 651

17 of 23

Table 12. GenAl responses to question 4 using the Major Crashes Dataset.

Question

Platforms Responses

ChatGPT Gemini Perplexity
The most common location of damage in the
. crashes is the rear of the AVs, often due to The rear of the vehicle. Several incidents involved
What is the most

common location of
damage in the crashes?

rear-end collisions. Other frequent damage
points include the sides and corners of the
vehicles in side-impact or lane-change
incidents.

Rear

rear-end collisions where other vehicles struck the AV
from behind, causing damage to the rear bumper, rear
hatch, or rear window.

Table 13. GenAl responses to question 5 using the Major Crashes Dataset.

Platforms Responses

Question

ChatGPT Gemini

Perplexity

Who is at fault in the
majority of the
crashes?

For over 70%, other road users were at
fault, including rear-end collisions,
running red lights, or swerving into
traffic. Only ~14% involved the
autonomous vehicles” operations.

Other vehicles are at fault. These crashes often
involve the other vehicle making unsafe lane
changes, speeding, running red lights, or hitting
the AV from behind.

The majority of the crashes were not the fault of the
AVs. In most cases, the fault lies with other drivers or
external factors.

There were a few incidents where AVs were more
directly involved, such as collisions with stationary
objects or accidents in manual mode. However, these
were in the minority compared to the incidents caused
by other drivers.
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3.3. OL316 PDF Prasing Tool Overview

To facilitate productive analysis, we developed a tool that parses California DMV
OL316 reports and generates a machine-readable dataset, enabling quicker investigation.
We chose Jupyter Notebook [27] as the primary development platform due to its valuable
resources and rapid development capabilities. For PDF data extraction, we selected the
PyMuPDF Python library [28], which is a high-performance tool for extracting, analyzing,
converting, and manipulating PDF documents. The tool’s results were evaluated and tested
manually by parsing multiple PDF files and comparing the extracted content against the
original files.

Our approach began by analyzing the structure of the OL316 files and identifying
the key values within each field. The PyMuPDF library treats a PDF file as a collection
of pages, with each page containing a set of field names and values. Our dataset iterates
through the entire PDF, collecting all relevant field names and their corresponding values.
With our visual understanding of the OL316 form, we were able to accurately match the
form fields. For each report, we generate a single row of data, with each report containing
41 fields. Alongside the parsing logic, our public Jupyter notebook demonstrates the main
fields extracted from the OL316 PDF reports using the PyMuPDF library. The tool utilizes a
nested “if /else if /else” structure to parse and extract the required fields in the correct order.

It is worth noting that the OL316 report contains several checkbox fields, such as those
indicating whether the AV was in motion or the weather conditions at the time. To handle
these, we employed an encoding technique that converts the checkbox status into numerical
values. The encoding starts at 0; for example, if a field has two options, the values 0 and 1
are used, and if there are three options, the values 0, 1, and 2 are assigned, and so on. If
none of the check boxes were selected, we adopted the value of ‘—1’ to indicate that. This
encoding reduces text and allows for faster and more accurate analysis.

4. Discussion

In this study, a comprehensive dataset of crash reports involving AVs in California
has been prepared. The dataset was created by converting available OL316 PDF reports
and other partially prepared datasets into a unified, machine-readable format. It covers
incidents from 2014 to September 2024, comprising a total of 728 entries. Both the parsing
tool and the compiled dataset have been publicly released to support other researchers in
their work. This prepared dataset has been further utilized to generate updated statistics
on AV crashes.

4.1. Dataset Observations

= Decline in OL316 Reports:

From 2014 to 2022, the number of OL316 reports showed a steady increase, with the
exception of 2020, which was impacted by the COVID-19 pandemic. However, in 2023 and
early 2024, a decline in the number of reports has been observed. This trend suggests several
insights, such as improvements in AV algorithms for mixed driving conditions, increased
awareness among conventional drivers about AV behavior at critical locations like stop
signs and intersections, enhanced tester skills, and better disengagement decision-making
during AV testing.

=  Top Three Licensed AV Testing Businesses:

Our analysis identified Waymo, GM Cruise, and Zoox as the top three companies
filing OL316 crash reports. This finding underscores their extensive testing activities, with
a large number of AVs actively deployed on roads, rigorously advancing the development
of autonomous driving technology.
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. Most Crashes Are Not Severe

An analysis of OL316 reports based on the extent of damage AVs reveals that only 2%
of the reports indicate major damage. A manual review of these major crash reports shows
that the “major damage” category was sometimes used to describe costly repairs to AV
components, such as LIDAR systems or other expensive sensors and technologies, rather
than structural damage. This finding highlights the high safety standards of AVs, as the
vast majority of incidents involve minor or negligible damage.

4.2. Discussion of Generative Al Results on Major and Moderate AV Crashes

To gain deeper insights into the nature of AV crashes within our compiled dataset,
we utilized GenAl to analyze the description fields of both major and moderate crashes.
Five key questions were carefully selected and examined, uncovering valuable insights
into crash causes, fault determination, prevention strategies, and the potential to avoid
similar incidents in the future. Three GenAl platforms: ChatGPT, Perplexity, and Gemini
were employed in this analysis, each contributing unique capabilities that enriched our
understanding of these incidents. After analyzing the responses from the three platforms,
we observed that all responses were relevant, with none producing incorrect insights. This
evaluation was conducted by comparing the three responses to each question. Notably,
Perplexity consistently generated long and detailed responses, while Gemini provided the
shortest and most concise answers.

While the previous section detailed the characteristics of major and moderate crash
categories separately, the following discussion integrates data from both categories to
provide a more comprehensive perspective. Notably, questions 2 and 3 are closely related
and are addressed together to offer a deeper and more cohesive understanding of the
findings across all crash types.

1- What is the main cause of the crashes?

The main causes of crashes involving AVs can be categorized into several recurring
themes. A significant portion of crashes are attributed to human driver errors, such as
rear-end collisions caused by insufficient distance, violations of traffic rules like running
red lights or stop signs, and reckless driving behaviors such as lane encroachments or
speeding. Autonomous vehicle system limitations also play a role, including system
faults, disengagements, and difficulties in handling unexpected obstacles or complex road
scenarios. Environmental and roadway factors, such as downed power cables, displaced
utility covers, or poor lane maintenance, contribute to additional incidents. Mechanical
interactions, such as collisions with static objects like cement pillars or parking gates, and
aggressive or unpredictable behaviors, including road rage or hit-and-run cases, further
exacerbate the situation. While most crashes appear to stem from the unpredictability
of human-driven vehicles, some can be linked to the autonomous systems’ challenges in
adapting to certain environments or handling unique situations. Overall, the interplay
between human error and AV limitations is a key factor in these incidents.

2-  Could the crashes have been avoided and how?

Many of the crashes could potentially have been avoided through a combination of
improved AV technology, enhanced road infrastructure, and better human driver behavior.
A significant portion of incidents caused by human drivers, such as rear-end collisions,
traffic violations, and reckless maneuvers, might have been mitigated with stricter traffic
law enforcement, public education on safe driving, and broader adoption of ADAS in
conventional vehicles. Autonomous vehicle limitations, such as system disengagements
or challenges in handling unexpected scenarios, could be addressed through more robust
testing, enhanced predictive algorithms, and improved system redundancy. Proactive
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measures, like real-time communication with infrastructure and connected vehicle technol-
ogy, could also enhance AV responsiveness to dynamic situations. Environmental factors,
including displaced utility covers, downed power lines, or obstructed lanes, emphasize
the need for well-maintained roadways and better hazard management systems. Addition-
ally, the unpredictable interaction between human-driven and AVs remains a challenge,
which could be alleviated by implementing defensive programming for AVs and foster-
ing vehicle-to-vehicle communication. Aggressive or criminal behavior, such as reckless
driving or hit-and-run incidents, could be managed through increased surveillance and
integration with law enforcement for quicker response. Overall, reducing these crashes
requires advancements in AV technology, infrastructure improvements, and safer driving
practices among human drivers.

3-  What is the most common location of damage in the crashes?

The most common location of damage in the crashes is the rear section of AVs, in-
cluding rear bumpers, sensors, and panels. This is largely due to the high occurrence of
rear-end collisions caused by human drivers failing to maintain proper following distances
or reacting too slowly to changes in traffic conditions. Additionally, damage to the rear
section often occurs during lane changes, sudden braking events, or when AVs stop for
traffic signals or obstacles. While the rear section is the most frequently impacted, other
areas such as the sides and front of vehicles are also damaged in incidents involving lane
encroachments, red-light violations, and collisions during turning or merging. The preva-
lence of rear-end damage highlights the challenges of mixed-traffic environments where
human error frequently affects AV operations.

4- Who is at fault in the majority of the crashes?

In the majority of the crashes, human drivers are at fault, often due to errors such as
failing to maintain safe following distances, running red lights, making abrupt lane changes
without signaling, or engaging in reckless driving behavior. Many incidents involve human-
driven vehicles rear-ending AVs or violating traffic laws, such as speeding or failing to yield.
While AVs occasionally contribute to crashes, typically due to system disengagements or
challenges in navigating unexpected scenarios, these instances are less frequent compared
to human-induced errors. The data underscores the unpredictability of human behavior as
a significant challenge for autonomous systems operating in mixed-traffic environments.

4.3. Summary and Recommendations

In summary, this study provides a comprehensive analysis of AV crash reports in
California, utilizing a unified and publicly available dataset covering incidents from 2014
to 2024. Key findings reveal a decline in OL316 reports in recent years, suggesting improve-
ments in AV algorithms, driver awareness, and testing practices. The analysis shows that
Waymo, GM Cruise, and Zoox dominate AV testing activities, and most crashes result in
minor or negligible damage, indicating the high safety standards of AVs. Insights derived
from Generative Al analysis further suggest that crashes often result from human driver
errors, AV system limitations, and environmental factors, with most damage occurring
to the rear of AVs. Interestingly, the Generative Al findings are consistent with previous
studies (e.g., [14-22]), which focused on subsets of crash reports, but they also expand the
understanding of the issue and reveal additional insights. Although human drivers are
responsible for the majority of crashes, the study highlights the importance of advancing
AV technology, improving infrastructure, and promoting safer driving behaviors to further
reduce incidents. These findings provide valuable guidance for stakeholders working
towards safer and more reliable autonomous mobility systems. Additionally, the dataset
used in this study is made publicly available in several machine-readable formats (XLS,
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CSV, and JSON), along with a custom-developed parsing tool, to support and facilitate
future research and the inclusion of upcoming OL316 reports.

5. Conclusions and Future Outlook

Mixed traffic conditions present significant challenges for both AV and conventional
drivers, often resulting in crashes that undermine the primary goal of reducing traffic
accidents. A majority of these crashes typically occur because conventional drivers do not
strictly adhere to traffic laws, such as coming to a complete stop at stop signs or yielding
the right of way at intersections. In contrast, AVs are programmed to strictly follow traffic
regulations. Until AVs achieve widespread adoption, it is crucial to continuously monitor
and evaluate these scenarios.

This article contributes to ongoing research efforts by introducing a publicly available
dataset of AV crashes, derived from California DMV reports spanning 2014-2024. Addi-
tionally, a parsing tool is provided to facilitate future updates to the dataset. The dataset
comprises 728 crash entries and is available in three formats: XLS, CSV, and JSON, catering
to diverse research needs and technical resources. Leveraging advanced generative Al
models, we analyzed crash narratives associated with incidents labeled as moderate and
major, revealing that most crashes were caused by conventional driver errors, such as traffic
rule violations and reckless behavior.

Eventually, most states will face mixed traffic scenarios where AVs and conventional
vehicles share the same roads. Understanding and regulating the interactions between
these vehicles will be essential. In fact, proposing and implementing solutions for this
situation will be unavoidable. ADAS can serve as an effective tool to mitigate potential
conflicts between these two types of vehicles. Installed in conventional vehicles, ADAS can
provide drivers with alerts and notifications to help them anticipate and respond to the
behaviors of AVs, enabling safer and more efficient traffic management.

This article applied the promoted engineering concept to leverage the powerful ca-
pabilities of generative Al models for text analysis. For future research, we recommend
expanding the dataset by incorporating additional sources of autonomous vehicle crash
data and exploring the fine-tuning of large language models specifically for crash analy-
sis and understanding. Such fine-tuning could result in models that are more accurate,
consistent, and specifically tailored to the topic of crash analysis.
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