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ARTICLE INFO ABSTRACT
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Automated vehicles artificial intelligence have opened an opportunity to reduce traffic accidents caused by human

Safety evaluation
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Real-world data

drivers. Nevertheless, traffic accidents of AVs continue to occur, which raises safety and reliability
concerns about AVs. AVs are particularly vulnerable to accidents on urban roads than on high-
ways due to various dynamic objects and more complex infrastructure. Several studies proposed a
scenario-based approach of experimenting with the response of AVs to specific situations as a way
to test their safety. Reliable and concrete scenarios are necessary to test AV safety under critical
conditions accurately. This study aims to derive a typical accident scenario for evaluating the
safety of AVs, specifically in urban areas, by analysing collisions reported by the DMV of Cali-
fornia, USA. We applied a hierarchical clustering method to find groups of similar reports and
then executed association rule mining on each cluster to correlate between accident factors and
collision types. We combined statistically significant association rules to constitute a total of 14
scenarios that are described according to an adapted PEGASUS framework. The newly obtained
scenarios exhibit significantly different accident patterns than the typical Human-driven Vehicles
(HVs) in urban areas reported by National Highway Traffic Safety Administration. Our discovery
urges AV safety to be tested reliably under scenarios more relevant than the existing HV accident
scenarios.

1. Introduction

Automated Vehicles (AVs) developed with state-of-the-art artificial intelligence (AI) and big data technologies have brought
positive effects such as improved mobility and reduced social costs through AVs’ contribution to the decrease of traffic accidents [1].
SAE [2] classified AVs into six levels (1v.0 - Iv.5). At a higher level, AVs are more capable of coping with various situations with less
human intervention. Some AVs at 1v.3 are on the market, and several companies such as GM, Google, and Nuro are conducting test runs

* Corresponding author.
** Corresponding author.
E-mail addresses: higeree@naver.com (H. Lee), ministop@kaist.ac.kr (M. Kang), hwangkeeyeon@kaist.ac.kr (K. Hwang), young.yoon@hongik.
ac.kr (Y. Yoon).
1 These authors contributed equally to this work.

https://doi.org/10.1016/j.heliyon.2024.e25000

Received 4 April 2023; Received in revised form 22 November 2023; Accepted 18 January 2024

Available online 19 January 2024

2405-8440/© 2024 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:higeree@naver.com
mailto:ministop@kaist.ac.kr
mailto:hwangkeeyeon@kaist.ac.kr
mailto:young.yoon@hongik.ac.kr
mailto:young.yoon@hongik.ac.kr
www.sciencedirect.com/science/journal/24058440
https://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2024.e25000
https://doi.org/10.1016/j.heliyon.2024.e25000
https://doi.org/10.1016/j.heliyon.2024.e25000
http://creativecommons.org/licenses/by-nc-nd/4.0/

H. Lee et al. Heliyon 10 (2024) 25000

of 1v.4 AVs that require driver intervention only under certain critical conditions. Despite recent advancements, AVs are not entirely
free from accidents. It is reported that accidents involving AVs constantly have occurred for various reasons, even under ideal con-
ditions [3,4]. Furthermore, the recent fatal pedestrian fatality involving AVs is causing fears and hampering the successful
commercialization of AVs.

The research community has tried to understand AV accidents by referring to the accident data collected from Human-driven
Vehicles (HVs) [5]. However, AVs could exhibit different accident patterns compared to HVs. Instead, a few researchers looked
into AVs accident data made publicly available on the web by the state of California [6-11]. The Department of Motor Vehicles (DMV)
of California mandates the submission of collision reports in case of accidents during AV test driving. However, most previous studies
have relied on manual analysis of accident characteristics. With such approaches, AV test scenarios that are necessary for evaluating
the safety functions of AVs cannot be efficiently generated [12-15]. In addition, the manual analysis by humans can yield subjective
and biased conclusions.

We are keen to employ data-driven methods based on clustering and association rule mining algorithms for more efficient and
objective analysis. This paper focuses mainly on urban-area accidents in which AVs are prone to get involved due to the non-trivial
interactions in an open system with complex infrastructure and pedestrians besides vehicles [16,17]. Urban area accidents are
more frequent and follow patterns that differ from highway accidents. Accidents on the highways can be relatively much more fatal.
However, AV encountering non-vehicular objects on highways is less likely [18]. Given the result of the data-driven analysis of DMV
collision reports, we compose accident scenarios according to the framework proposed by the PEGASUS project.

The contribution of our research work can be summarized as follows:

(1) We have devised data-driven analytical tools to extract statistically significant accident patterns from 165 DMV collision reports
involving AVs.

(2) We have generated 313,748 correlations (association rules) between 14 accident factors and collision types.

(3) We implemented a novel method to combine any two association rules to constitute an AV accident scenario. As a result, we
have derived 14 unique AV accident scenarios that are specified according to an adapted PEGASUS scenario description
framework.

(4) We have confirmed a significant difference between the AV and HV accident patterns by comparing our newly generated
scenarios with the urban-area HV pre-crash reports by NHTSA (National Highway Traffic Safety Administration). Such dis-
covery justifies our work of analyzing AV accident patterns to derive safety test scenarios more relevant for AVs.

In summary, we utilized AV data and employed data mining techniques such as clustering and association rule mining to ensure
both the reliability and the concreteness of AV accident scenarios. These scenarios can effectively prevent AV accidents.

The remainder of this paper is structured as follows: In Section 2, we examine previous studies regarding data utilization and
scenario derivation for AVs; In Section 3, we introduce the format and semantics of DMV collision reports, the data preprocessing
procedure and the data analysis methodology; In Section 4, we evaluate the analysis results; In Section 5, we present a few cases of
urban accident scenarios we derived based on the results from Section 4; Finally, we conclude in Section 6.

2. Related works

This section reviews studies that analyze traffic accidents in HVs and AVs and derive accident scenarios for both vehicles.

Shanthi and Ramani (2012) [19] predicted the injury severity in traffic accidents using various classification algorithms, and they
derived factors affecting the injury severity. With an accuracy of 99.73 %, they confirmed that the vehicle’s collision type, seat po-
sition, age group, and drug significantly affected the injury severity. Taamneh et al. (2016) [20] used several classification methods,
such as decision trees and Naive Bayes, to select age, gender, and collision type as major accident factors related to injury severity in
traffic accidents. The study by Taamneh et al. revealed that 18-30-year-olds were vulnerable to traffic accidents, and driver injuries
occurred more frequently than pedestrians and passengers. Muhammad et al. (2017) [21] analyzed the cause of the accident using an
ID3 decision tree based on accident data on the Kano-Wudil Highway. As a result, they found that incorrect passing, loss of control of
the vehicle, tire puncture, and brake failure were the main causes of the accident. In addition, Bahiru et al. (2018) [22] conducted a
study to classify and predict accident severity, and they found that weather conditions, traffic lanes, and accident times were essential
factors influencing accident severity. Janani and Devi (2016) [23] and Li et al. (2017) [24] identified the characteristics of traffic
accidents using classification, clustering, and association rules. Li et al. identified that roadway surface, weather, and light conditions
did not affect the fatality rate of traffic accidents, while driving under the influence or the collision type substantially affected the
fatality rate. Boggs et al. (2020) [25] confirmed that most accidents (61 %) were rear-end collisions, and 13.3 % were injury accidents
through text analysis of the DMV collision report. Furthermore, through the setting of random parameters in the Bayesian analysis,
they found that the correlation between disengagement of the autonomous driving system and rear-end collision was significantly
high, and the possibility of AV rear-end collisions were quite low near public/private schools. Lee et al. (2023) [26] analyzed the AV
accident using a DMV collision report, and they identified the correlation between pre-crash conditions, AV driving modes, crash types,
and crash outcomes. This study argued that in autonomous driving mode, AV should pay attention to the longitudinal distance from the
front or back vehicle and that road and infrastructure functions such as intersections, ramps, and slip lanes need to be improved.

Several studies used clustering methods to extract characteristics from data to determine the cause of traffic accidents. In addition,
association rules were mined to identify the relationship between variables in the data. DrissiTouzani et al. (2020) [27] classified
accidents into 10 clusters through the K-means clustering algorithm, and they confirmed that most traffic accidents occurred during
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the day, and the type of collision, initial shock point, and movement of the vehicle were essential factors in traffic accidents. Lin et al.
(2014) [28] and Kumar and Toshniwal (2016) [29] derived significant and robust association rules using both clustering and asso-
ciation analysis, and they emphasized that clustering helped to narrow down the characteristics and patterns before the association
analysis. Also, Kong et al. (2022) [30] performed cluster correspondence analysis using dimension reduction based on near-crash data.
As a result, they derived six clusters with four types: near-crash with adjunct vehicles; near-crash with the following or leading ve-
hicles; and near-crash with objects on the road. This study also found characteristics of the near-crash such as slow or stopped, rapid
deceleration or stop of the leading vehicle. Wang et al. (2022) [31] derived six clusters through k-medoid clustering using two-wheeled
vehicle crash data in China. Based on this analysis, they presented functional, logical, and concrete scenarios specifically for AV test.

Studies on accident prevention technology development and scenario generation for vehicle safety evaluation have been conducted
based on real-data analysis [32-40]. Nitsche et al. (2017) [32] derived 34 crash scenarios using clustering and association analysis and
extracted 12 scenarios of accidents with a high risk of injury. Sui et al. (2019) [33] derived car-two-wheeler test scenarios with
clustering, and they derived six scenarios. Yuan et al. (2020) [34] derived a high-risk scenario using ANN based on HV accident data.
They set time, weather, road type, and speed limitations as input, and five high-risk scenarios were derived considering the accident
frequency and probability distribution. Kong et al. (2021) [35] analyzed the pattern of near-crash events through association rule
mining between factors other than secondary tasks. They used VCC50 Elite data from 50 connected vehicles with adaptive cruise
control and lane-keeping assistance functions. In addition, they utilized the apriori algorithm and performed the association rule
mining by setting the presence or absence of a secondary task to the consequent. This paper confirmed that the rapid deceleration or
stop of the leading vehicle, regardless of the secondary task, is highly related to the near crash. In the case of a near-crash without a
secondary task, the rapid deceleration or stop of the leading vehicle is positively associated with lane change and sideswipe accidents.
Pan et al. (2021) [36] and Tan et al. (2021) [37] derived accident test scenarios by clustering analysis to develop AEB/FCW technology
to prevent accidents practically. Essenturk et al. (2022) [38] derived traffic accident patterns through ROCK (Robust Clustering with
Links) and market basket analysis using UK’s STATS19 database. ROCK was performed on 26 clusters (derived from clustering) to
create seven clusters, and an AV test scenario was presented. This study significantly contributes to the derivation of AV test scenarios
by employing clustering, ROCK analysis, and market basket analysis. However, it is important to acknowledge certain limitations
associated with the use of HV data in this research. Kang et al. (2022a) [39] used a vision transformer to detect critical situations
involving AVs. The vision transformer caught critical situations at an F1 score of 94 %. Given the interpretation of the result returned
by the vision transformer, Kang et al. followed the PEGASUS framework to derive accident scenarios under which AV safety functions
can be tested. Liu et al. (2021) [5] extracted accident characteristics of HVs data based on the NHTSA pre-crash scenario and extracted
aspects of AVs accidents. Liu et al. also developed a scenario for evaluating the safety of AVs by comparing the characteristics of two
vehicles. However, this study pointed out a limitation to applying HVs data-based accident scenarios to AVs due to the different
characteristics of the two vehicles, such as differences in perception-response time (PRT) between human and system drivers.
Accordingly, it is necessary to derive a reliable scenario using AV data to secure the practical safety of AVs. Similarly, Novat et al.
(2023) [40] conducted a study comparing the accident characteristics of AV and conventional vehicles through the Bayesian network
using CA BMV (California Bureau of Motor Vehicles) data. This study emphasized that AV and conventional vehicles have different
collision patterns. For instance, AVs had more rear-end collisions than conventional vehicles, and sideswipe/broadside and other
collision types were less likely to occur. Their study does not deal with the generation of accident scenarios.

Although accident analysis and scenario generation studies based on AVs data are required, the manufacturer’s confidential in-
formation restricts access to AV driving data. On the other hand, the DMV in California, USA, is obliged to submit accident reports
during AV tests. The report is made available on the DMV website, and the data has been used in various ways in recent studies on AVs
accident analysis. Most studies affirmed that AVs’ representative accident collision type was a rear collision [9,41-44]. Leilabadi and
Schmidt (2019) [9] found a strong correlation between the road surface and the accident’s severity and that the type of accidents
appeared differently depending on the driving mode (automated mode and conventional mode). Das et al. (2020) [41] identified six
significant collision patterns, including left/right turn and proceeding straight before the collision. Torres et al. (2021) [42] analyzed
the DMV report using multimedia logic regression, and they affirmed that the movement before the collision of AVs had a significant
influence on the collision type of the accident. Ashraf et al. (2021) [43] derived rules for AV accidents using a decision tree and as-
sociation analysis. Most accidents occurred when the AVs stopped in the automated mode at the intersection. Also, Ashraf et al. found
that an accident frequently occurred when HVs passed the AVs or two vehicles turned. Kang et al. (2022b) [44] conducted random
forest analysis by constructing a DMV collision report and presented more than 100 autonomous vehicle accident scenarios based on
the random forest results.

A few research works tested the response of AVs to a specific situation [12-15]. For such tests, scenario derivation studies have been
conducted. Stark et al. (2020) [45] raised the need to generate scenarios using accident data exclusively for AVs. Alambeigi et al.
(2020) [11] derived situations that should be noted in AV accidents through topic modeling analysis. This study suggested that AV
manufacturers need to check the following incidents in-depth: (1) manual transitions; (2) side collisions; and (3) rear-end collisions
due to left/right turns in cross-section. Song et al. (2021) [18] proposed seven typical crash scenarios by analyzing the accident
characteristics of AVs through clustering analysis and sequence analysis based on DMV collision report and DMV disengagement
report.

These previous research works came short in reliability and concreteness. Nitsche et al. (2017) [32] secured the concreteness of the
AVs scenario through clustering analysis and association analysis but failed to secure reliability by using data from HV accidents that
may exhibit different patterns than AV accidents. In addition, Song et al. (2021) [18] composed AVs scenario based on the data from
AV accidents. However, their proposed scenarios were vaguely written with limited factors such as vehicle movement and collision

type.
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Table 1
A comparison of our methods with previous studies.
Studies Scenario AV Accident Data Usage Clustering Association Rule
Derivation Mining
.Alambeigi et al. (2020) [11] X o X X
Liu et al. (2021) [5] (0] [¢] X X
Sui et al. (2019) [33] (6] X (6] X
Nitsche et al. (2017) [32] (0] X (0] (0]
Song et al. (2021) [18] [0} o (o} X
Our methods (0] (0] (¢} O
WEATHER TVEM | VEH | MOVEMENT PRECEDING | VEM | VEM ‘om(. M&OCIAT!DFACYORNI
(MARX 1 4o 2 ITEMS 1 2 COLLISION 1 2 MARK ALL APPLICABLE
A CLEAR A. STOPPED A. CVC SECTIONS VIOLATED
B. CLOUDY B. PROCEEDING STRAIGHT X _CITED
C. RAINING | | X [C. RAN OFF ROAD | | ] ves
I [
! - | X | |~ o | ! O wo
D. SNOWING D. MAKING RIGHT TURN
E FOGMISIBILITY E MAKING LEFT TURN
F OTHER F. MAKING U TURN 8. iSioN oscurement [
G. WIND G. BACKING C INATTENTION* O
LIGHTING H. SLOWING/STOPPING X D. STOP & GO TRAFFIC O
A. DAYLIGHT I. PASSING OTHER VEMICLE E EJ:’I.:;UNG LEAVING O
B. DUSK -~ DAWN J. CHANGING LANES [ F. PREVIOUS coLusion [
C. DARK -STREET LIGHTS X X | K PARKING MANUEVER G UNFAMILIAR WITH ROAD ]
(a) Default Information
SECTION 5 — ACCIDENT DETAILS - DESCRIPTION
B Autonomous Mode ] Conventional Mode
A Waymo Astonomous Vehicle (“Wa » AVT) ravelin asthound i astosomons mode on Oakdale Avenue approaching Indusinal
Street in San Franciso was inve § im 2 collision The Waymo AV was coming top it a o recton Yok Avenu
Industnal Street when a passenger vehic ke bebind the Waymo AV made contact with the W o at approumately
MPH. The Waymo AV w trascim, SO Imal MM The Waymo AV s " it dama on ' wd the pans
Ie sstained minor damage No imurics were reported at the scene. the Waymo AV test driver sought medical

(b) Optional Information

Fig. 1. Default & optional value of DMV collision report.

Scenario-based testing is an important approach as a method of assessing AV safety. The scenario requires reliability, and this
reliability is based on data. Since AV and HV accident patterns are different [5,40], scenarios created based on AV data should be
reliable. In addition, the scenario consisting of various situations that threaten the safety of AV must clearly present various factors for
AV testing. It is concreteness, so the scenario needs to secure concreteness to test a range of situations. Therefore, we found that most
AV accident scenarios derived from most studies lack reliability or concreteness. To address these critical shortcomings, our research
possesses the following characteristics as shown in Table 1. We derived AV accident scenarios based on clustering and association rule
mining to enhance the concreteness of the scenarios. Notably, our research aims to secure the reliability of the AV accident scenario by
utilizing real-world AV accident reports. Also, we have adapted the standard scenario format, such as the PEGASUS project.

3. Accident data analysis methodology
In this section, we introduce analysis methods based on the data extracted from the DMV reports.
3.1. Data collection

We constructed an AV accident database with structured data from collision reports archived at DMV in California, USA. Currently,
California permits the manufacturers such as Waymo and GM to test drive their AVs on real roads. If an accident occurs during test
driving, the manufacturers must file a report and make it publicly available on the DMV website [46]. The report specifies the
manufacturer of AVs, driving mode, road conditions, the type of collision, and the movement preceding the collision of vehicles related
to the accident. AVs and HVs involved in the collision report are denoted as VEH 1 and VEH 2, respectively, as shown in Fig. 1. Since
the revision in 2018, DMV additionally specifies whether the accident occurred while driving in an automated or manual mode. Out of
370 reports since 2018, we narrowed it down to 165 collision reports that occurred while AVs were in an automated mode.
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Included Excluded
|
Optional

|

Optional
- Type of Accident - Traffic Light - Manufactures - AVs Velocity
- Weather - AVs Relative Position - Address/City/County/ - HVs Velocty
- Lighting - HVs Relative Position State - HVs Damage
- Location - AVs Damage - HVs Area of Damage
- Road Surface - AVs Area of Damage - AVs Human Injury
- Road Condition Information
- Time - HVs Human Injury
- AVs Movement Information
Preceding Collision
- HVs Movement
Preceding Collision
- AVs Type of Collision
- HWs Type of Collision

Fig. 2. Selection from the DMV collision report.

Vehicle 2 Movement Preceding Collision
(VEH2_MPC)

Vehicle 1 Movement Preceding Collision

Type of Accident (TA) Vehicle 1 Relative Position (VEH1_RP)

Vehicle 1 Type of Collision

0 = Car alone (VEHIENC) [VEH1_TC) 0=Left
1= Car to human 0 = Stopped 0 = Stopped 0 = Head-on 1= Right
2 = Car to bicycle 1 = Proceeding straight 1 = Proceeding straight 1 = Sideswipe 2=same
3 = Carto car 3 = Making right turn 3 = Making right turn 2 = Rear-end 3 = Opposite
4 = Making left turn 4 = Making left turn 3 = Broadside 4 = None
& = Backing 6 = Backing 4 = Hit object
“ 7 = Slowing/Stopping 7 = Slowing/Stopping & = Vehicle/Pedestrian
0 = Clean 8 = Passing other vehicle 8 = Passing other vehicle 7 = Other
1 = Cloudy 9 = Changing lane 9 = Changing lane 8 = None
2 = Raining _18 = None 11 = Entering traffic 0=Left
4 = Fog/Visibility 12 = Other unsafe turning 1= Right
13 = Xing into opposing lane 2 = Same
bl 3= pposte
0=Dry 16 = Traveling wrong way Vehicle 2 Type of Collision 4= boow
0 = Daylight 1=Wet 17 = Other (VEH2_TC)
1 = Dusk-dawn 4 = None 18 = None
1 = Sideswipe
0= Rea g
3 = Construction-Repair zone 0=0AM~6AM 3 = Broadside 1= Green light
0 = Intersection 4 = Reduced roadway width 1=6AM~12PM 7 = Other 2 = Right-on-red
1 = Parking lot 7 = No unusual conditions 2=12PM~6PM 8 = None 3 = Stop sign
2 = Road 8= None 3=6PM~0AM 4= None

Fig. 3. Encoding values of accident factors.
3.2. Accident factors and encoding

The format of a DMV collision report is shown in Fig. 1. From the report, we identified accident factors as follows.

The most critical factor is the collision type, expressed as a 2-tuple. The first and second elements of the tuple specify AV and HV
body parts involved in an accident or their motions at the moment of collision, respectively.

For instance, (Sideswipe, Sideswipe) indicates that an AV and an HV swiped each other on the side. Another example, such as (Hit
object, None), means that an AV hit a non-vehicular object. AV and HV movements and their relative positions in terms of lanes are also
expressed at description as shown in Fig. 1-(b).

From the optional written description section of the report, we first extracted additional fields to consider, as shown in Fig. 2. We
excluded manufacturer, damage, and human injury information since they are not the cause of an accident. Over 80 % of the velocity
information was missing from the reports. Since we could not ensure the statistical significance, we had to ignore the velocity fields
despite their importance in inferring the correlation with an accident if enough information was provided. We did not use the precise
address of the accident location. Instead, we classified the address to a location type, such as intersections, roads, and parking lots. The
location types are added to the list of accident factors.

We compiled the final list of 14 accident factors, as shown in Fig. 2. The encoded values for each factor are specified in Fig. 3. The
value N/A refers to the information that was not available in the report.

3.3. Preliminary statistics of DMV collisions

We discovered a few preliminary statistical characteristics of the DMV reports as follows.
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() Time

Fig. 4. Result of preliminary statistical analysis.

. We found that 93 % of the accident were car-to-car collisions (Fig. 4-(a)).
. 90 % of the accidents occurred in clean weather (Fig. 4-(b)).

. 69 % of the accidents occurred in daylight (Fig. 4-(c)).

. In 30 % of the accidents, AVs stopped while HVs proceeded straight prior to the collision, i.e., (Stopped, Proceeding straight)

10. 92 % of the accidents took place on dry road surface (Fig. 4-(g)).

11. 90 % of the accidents occurred under abnormal road conditions (Fig. 4-(h)).
12. 77 % of the accidents happened at intersections (Fig. 4-(i)).

13. 39 % of the accidents occurred between 12 and 18 (Fig. 4-(j)).

14. 15 % of accidents occurred on red light (Fig. 4-(k)).
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. In 10 % of the accidents, AVs and HVs both proceeded straight prior to the collision, i.e., (Proceeding straight, Proceeding

. In 7 % of the accidents. HVs made a right turn while AVs were stopped, i.e., (Stopped, Making a right turn) (Fig. 4-(d)).
. 70 % of the collisions occurred on HVs rear-end (Fig. 4-(e)).

. In 13 % of the collisions, AVs and HVs sideswiped each other (Fig. 4-(e)).
. In 50 % of the accidents, AVs and HVs were located on the same lane (83 cases, 50 %), as shown in Fig. 4-(f).

We had to implemented additional analytical procedures to unravel key associations between the collision types and other accident
factors which could not be found otherwise with the preliminary statistical analysis.
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Clustering Analysis Association Analysis Automated vehicles accident scenario
(Hierarchical Clustering) (Apriori Algorithm) in the urban area
Cluster 0 Scenanio 1
Cluster0 R"‘”
-Rulen
DMV Cluster 1 Scenario?
Collision - l -Rue1 -
Report = Custer 1 > e
Database “ruen
Clustern Scenario n
-Rue1
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Fig. 5. Process for presenting AVs accident scenario.
|
B Cluster0 (34 EA)
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— I Cuuster2(25EA)
- L
N B Cluster3(59EA)
Hﬂ \H Pﬂ B Clusterd (24 EA)

Fig. 6. Dendrogram after applying hierarchical clustering with threshold (y) set to 8.

3.4. Clustering and association rule mining

To derive a meaningful correlation between the collision types and the other accident factors, we implemented a two-phase analysis
method as shown in Fig. 5.

The first phase involves a task of grouping reports exhibiting similar characteristics. To derive the groups, we ran a hierarchical
clustering algorithm [47]. We chose the ward linkage method to assess the closeness between encoded reports, which computes the
sum of squares of deviations between data within and across clusters [48]. By calculating the distribution of the data, we could
generate clusters that are less sensitive to outliers than the non-hierarchical clustering approaches. In the second phase, we conducted
association rule mining for each DMV report cluster to correlate between accident types and the other accident factors. We employed
the Apriori algorithm [49] for association analysis that extracts frequent item sets according to the configurable minimum support
level. With an efficient pruning of less frequent item sets, the Apriori algorithm is capable of mining meaningful association rules fast.
The association rule is expressed as A(Antecedent) — B(Consequent), meaning that B co-occurred with A. In our context, A is the item
set of accident factors, and B is the type of collision by AVs and HVs. How strongly A and B are correlated can be measured with the
metrics defined in Eq. (1) ~ (3). Support (Eq. (1)) refers to the probability of a rule including both A and B divided by the number (N) of
items in the entire set. Confidence (Eq. (2)) is the probability that B occurs when A is included in the rule, which indicates the reliability
of the rule. Lift (Eq. (3)) affirms the association between A and B by computing the conditional probability of B occurring when A is in
the rule divided by the probability of B occurring in the entire item sets. If there is no relation between A and B, the Lift equals 1.
Otherwise, the higher the Lift value is, the more significant the relationship between A and B is.

Support(A — B) :@ .
Confidence(A — B) = P(B|A) :% o

. P(B|JA) P(ANB)
LiftA->B)=————F=——— 3
(A~ B) = = pla)p () )
With our two-phase analysis method, association rules are mined only among the most relevant and similar collision reports within
each cluster. Therefore, the association rules can be extracted significantly faster than the approach of running the Apriori algorithm
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Table 2
Confirm distribution of each cluster.
Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4
Type of Accident (TA)
Car-Alone 0% 0% 12 % 0% 0%
Car-to-Car 85 % 96 % 76 % 100 % 100 %
Movement Preceding Collision (MPC) (AVs, HVs)
(Stopped, Proceeding straight) 38 % 13 % 8% 53 % 13 %
Type of Collision (TC) (AVs, HVs)
(N/A, Rear-end) 74 % 43 % 60 % 100 % 25 %
(Sideswipe, Sideswipe) 3% 39 % 0% 0% 50 %
(Hit object, None) 0% 0% 8% 0% 0%
(Head-on, Head-on) 3% 0% 0% 0% 0 %
Relative Position (RP) (AVs, HVs)
(Left, Right) 12 % 100 % 0% 0% 0%
(Right, Left) 3% 0% 0% 0% 96 %
(Same, Same) 68 % 0% 0% 100 % 4%
(Opposite, Opposite) 5% 0 % 0 % 0 % 0 %
(N/A. N/A) 12 % 0% 100 % 0% 0%
Location
Intersection 85 % 70 % 68 % 88 % 54 %
Parking lot 0% 4% 8% 0% 0%
Road 15 % 26 % 24 % 12 % 46 %
Table 3

Common characteristics and specific accident patterns of each cluster.

Common characteristics of accident

A rear-end collision occurred when an AV is stopped and a HV is proceeding straight due to a Car-to-Car accident at an intersection.
Characteristics of accident for each cluster

Cluster 0 A cluster containing an accident in which an AV and a HV faced each other and collided head-on.
Cluster 1 A cluster containing a sideswipe accident with an AV is positioned to the relatively left of a HV.
Cluster 2 A cluster containing an accident where an AV collided with an object.
Cluster 3 A cluster consisting of a rear-end accident with an AV and a HV vehicle in the same lane.
Cluster 4 A cluster containing a sideswipe accident with an AV positioned to the relatively right of a HV.
Table 4
Parameters set for association rule mining.
Index Value
Antecedent TA Weather Lighting AVs_MPC
HVs_MPC AVs_RP HVs_RP Location
RS RC Time TL
Consequent AVs_TC HVs_TC
Min_support 0.03(3 %)
Min_ confidence 0.7(70 %)
Min_lift 1.5

brute-forcefully for the entire item sets without segmenting through clustering.

4. Accident data analysis result

In this section we discuss the result of the association rule mining per collision report cluster. The rules we extracted are later sued
for composing accident scenarios to test during the safety evaluation of AVs.

4.1. The result of hierarchical clustering

Our hierarchical clustering algorithm produced the five most distinct clusters when the threshold y was set to 8 in the dendrogram,
as shown in Fig. 6. We computed the distribution of the appearance of every accident factor and collision type to reveal the differ-
entiating characteristics of each cluster as shown in Table 2 and Table 3. All clusters reported an HV colliding with the rear end of a
stopped HV at an intersection. Table 3 shows the unique collision patterns of each cluster. Clusters 1 and 4 were mainly about
sideswipe collisions. Particularly in cluster 1, the AVs were on the left side of HVs at the moment of collision. Opposite to Cluster 1,
Cluster 4 contained accidents when AVs were on the right side of HVs. Cluster 2 is the only one that contained 12 % of reports on cars
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Table 5
Significant association rules extracted from each cluster (A = Antecedent, C=Consequent, S=Support, L = Lift).
ID A C S L
Cluster 1
1 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Passing other [HVs_TC 0.08 23
vehicle] + [AVs_RP = Left] + [HVs_RP=Right] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + =
[Time = 6-12] + [TL = N/A] Rear-end]
2 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Dark-street lights] + [AVs_ MPC= Proceeding straight] + [HVs_TC 0.04 23
[HVs_MPC=Changing lane] + [AVs_RP = Left] + [HVs_RP= Right] + [Location = Road] + [RS = Dry] + [RC=No unusual =
conditions] + [Time = 18-24] + [TL = N/A] Rear-end]
3 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Passing other [AVs_TC 0.04 2.6
vehicle] + [AVs_RP = Left] + [HVs_RP=Right] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + =
[Time = 12-18] + [TL = Red light] Sideswipe]
4 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Passing other [HVs_TC 0.04 2.3
vehicle] + [AVs_RP = Left] + [HVs_RP=Right] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + =
[Time = 12-18] + [TL = Red light] Sideswipe]
5 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Dark-street lights] + [AVs_MPC= Proceeding straight] + [AVs_TC 0.04 2.6
[HVs_MPC=Changing lane] + [AVs_RP = Left] + [HVs_RP= Right] + [Location = Intersection] + [RS = Dry] + [RC=N/A] =
+ [Time = 18-24] + [TL = N/A] Sideswipe]
6 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Dark-street lights] + [AVs_MPC= Proceeding straight] + [HVs_TC 0.04 2.3
[HVs_MPC=Changing lane] + [AVs_RP = Left] + [HVs_RP= Right] + [Location = Intersection] + [RS = Dry] + [RC=N/A] =
+ [Time = 18-24] + [TL = N/A] Sideswipe]
Cluster 2
7 [TA = Car-Alone] + [Weather = Cloudy] + [Lighting = Daylight] + [AVs_MPC = Making right turn] + [HVs_MPC=N/A] + [AVs_TC 0.04 12.5
[AVs_RP=N/A] + [HVs_RP=N/A] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + [Time = =
6-12] + [TL = N/A] Hit object]
8 [TA = Car-Alone] + [Weather = Cloudy] + [Lighting = Daylight] + [AVs_MPC = Making right turn] + [HVs_MPC=N/A] + [HVs_TC 0.04 6.25
[AVs_RP=N/A] + [HVs_RP=N/A] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + [Time = =
6-12] + [TL = N/A] N/A]
9 [TA = Car-Alone] + [Weather = Cloudy] + [Lighting = Daylight] + [AVs_.MPC=Changing lane] + [HVs_.MPC=N/A] + [AVs_TC 0.04 12.5
[AVs_RP=N/A] + [HVs_RP=N/A] + [Location = Road] + [RS = Dry] + [RC=No unusual conditions] + [Time = 6-12] + =
[TL = N/A] Hit object]
10 [TA = Car-Alone] + [Weather = Cloudy] + [Lighting = Daylight] + [AVs_.MPC=Changing lane] + [HVs_.MPC=N/A] + [HVs_TC 0.04 6.25
[AVs_RP—=N/A] + [HVs_RP—N/A] + [Location = Road] + [RS = Dry] + [RC=No unusual conditions] + [Time = 6-12] + =
[TL = N/A] N/A]
Cluster 3
11 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Proceeding straight] [AVs_TC 0.08 -
+ [AVs_RP=Same] + [HVs_RP=Same] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + [Time = =
6-12] + [TL = N/A] N/A],
[HVs_TC
Rear-end]
12 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Proceeding straight] [AVs_TC 0.1 -
+ [AVs_RP=Same] + [HVs_RP=Same] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + [Time = =
12-18] + [TL = Red light] N/A],
[HVs_TC
Rear-end]
13 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Proceeding straight] [AVs_TC 0.03 -
+ [AVs_RP=Same] + [HVs_RP=Same] + [Location = Intersection] + [RS = Dry] + [RC—=No unusual conditions] + [Time = =
12-18] + [TL = Stop sign] N/Al,
[HVs_TC
Rear-end]
14  [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Proceeding straight] [AVs_TC 0.07 -
+ [AVs_RP=Same] + [HVs_RP=Same] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + [Time = =
12-18] + [TL = N/A] N/A],
[HVs_TC
Rear-end]
15 [TA = Car-to-Car] + [Weather = Cloudy] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC=Proceeding [AVs_TC 0.03 -
straight] + [AVs_RP=Same] + [HVs_RP=Same] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + =
[Time = 12-18] + [TL = N/A] N/A],
[HVs_TC
Rear-end]
16 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Stopped] + [HVs_MPC = Making right turn] [AVs_TC 0.03 -
+ [AVs_RP=Same] + [HVs_RP=Same] + [Location = Intersection] + [RS = Dry] + [RC=No unusual conditions] + [Time = =
6-12] + [TL = Green light] N/A],
[HVs_TC

(continued on next page)
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Table 5 (continued)

ID A C S L
Rear-end]

Cluster 4

17 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Proceeding straight] + [HVs_MPC=Other [HVs_TC 0.04 8
unsafe turning] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC—=No unusual =
conditions] + [Time = 12-18] + [TL = N/A] Head-on]

18  [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] 4+ [AVs_MPC=Proceeding straight] + [HVs_ MPC=Changing = [AVs_TC 0.04 3
lane] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC—=No unusual conditions] + =
[Time = 6-12] + [TL = N/A] N/A]

19  [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] 4+ [AVs_MPC=Proceeding straight] + [HVs_ MPC=Changing = [HVs_TC 0.04 4
lane] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC—No unusual conditions] + =
[Time = 6-12] + [TL = N/A] Rear-end]

20  [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Dark-street lights] + [AVs_MPC = Making right turn] + [HVs MPC=  [AVs_TC 0.04 1.85
Making right turn] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC—=No unusual =
conditions] + [Time = 18-24] + [TL = N/A] Sideswipe]

21 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Dark-street lights] 4+ [AVs_MPC = Making right turn] 4+ [HVs. MPC=  [HVs_TC 0.04 2
Making right turn] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC—=No unusual =
conditions] + [Time = 18-24] + [TL = N/A] Sideswipe]

22 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Proceeding straight] + [HVs_MPC=Passing  [AVs_TC 0.04 185
other vehicle] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC=No unusual =
conditions] + [Time = 6-12] + [TL = N/A] Sideswipe]

23 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [AVs_MPC=Proceeding straight] + [HVs_MPC=Passing [HVs_TC 0.04 2
other vehicle] + [AVs_RP=Right] + [HVs_RP = Left] + [Location = Intersection] + [RS = Dry] + [RC=No unusual =
conditions] + [Time = 6-12] + [TL = N/A] Sideswipe]

24 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [Avs MPC=Changing lane] + [HVs_MPC=Changing [Avs_TC = 0.04 1.85
lane] + [Avs_RP=Right] + [HVs_RP = Left] + [Location = Road] + [RS = Dry] + [RC—=No unusual conditions] + [Time =  Sideswipe]
12-18] + [TL = N/A]

25 [TA = Car-to-Car] + [Weather = Clean] + [Lighting = Daylight] + [Avs_ MPC=Changing lane] + [HVs_MPC=Changing [HVs_TC 0.04 2
lane] + [Avs_RP=Right] + [HVs_RP = Left] + [Location = Road] + [RS = Dry] + [RC—=No unusual conditions] + [Time = =
12-18] + [TL = N/A] Sideswipe]

colliding with non-vehicular objects by themselves. Cluster 3 only had HV hitting AVs’ read-end on the same lane. Cluster 0 is the only
one that contained head-on collisions between AVs and HVs that were moving in the opposite direction.

4.2. The result of association analysis

We set minimum support, minimum confidence, and minimum lift to 0.03, 0.7, and 1.5, respectively. Antecedents and consequents
are specified in Table 4.

As a result, we discovered a total of 313,748 association rules. We compiled a list of the most significant rules in terms of support
and lift. These are the rules in which all accident factors are included in the antecedent, as shown in Table 5. In cluster 0, our algorithm
did not derive any significant association rules. Cluster 1, on the other hand revealed six association rules, such as the one with rule #3.
The rule states that an HV sideswiped a stopped AV on the left while the HV passed other vehicles at the intersection on the red light
during the day under clean weather.

Cluster 2 mostly shows AVs alone hitting non-vehicular objects while changing lanes or making right turns (rule #7 and rule #9).

From Cluster 3, all the accidents were rear-ended collisions. Thus, the lift could not be computed. Instead, we extracted rules with a
support value of 0.03 or higher. For instance, rule #11 indicates that HVs frequently hit stopped AVs on the same lane and the in-
tersections with a dry surface. Considering rule #14, we can infer that the collision pattern expressed in rule #11 frequently occurred
during the daytime.

Cluster 4 mostly shows the situations leading to rear-end or sideswipe collisions. In most cases in this cluster, AVs were on the right
lane proceeding straight while HVs on the left-hand side changed lanes.

We could not find frequent accident patterns regarding road surface and road conditions. Reports about accidents at intersections
specify the existence of traffic lights. However, the detailed state of the traffic lights was omitted. Note that the rules extracted by the
association analysis unravel a more detailed correlation between the accident factors and accident types.

5. Deriving AV accident scenarios on urban areas
5.1. Scenario composition framework and accident factor selection

From the frequently seen accident patterns revealed through our data analysis method, we generate accident scenarios for AV
safety tests in urban areas. As mentioned earlier, several projects, such as PEGASUS, CETRAN, and ENABLE-S [39,50], have introduced
various scenarios to evaluate the safety of AVs. The PEGASUS project systematizes methods and requirements for securing the safety of
automated driving functions and specifies accident scenarios that may occur on highways. In addition, PEGASUS project suggests

scenarios at different levels of abstraction such as functional, logical, and concrete scenarios based on a 6-layer model [16]. The 6-layer
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Traffic infrastructure
- Traffc signs, bariers, road markings,
Bots'dots, pofce instructions

Road level
- Road geometry and topology,
road surface unevenness

RRARRR

Excluding automated driving|
onto the highway

Highways or highwaylike
roads ind. road m

Excluding automated exiting
offthe highway

Excluding automated driving
extreme weather
conditions - e.g. very slippery|
roads or a very low range of
vision

Induding automated lane
changing

(1) 6-layer model

Functional scenario

Base road network
three-lane motorway in a curve, 100
kmih speed limit indicated by traffic

Lane width

Logical scenario

Base road network

Curve radius
signs. Position traffic sign [0-200)m

Concrete scenario

Base road network

[2335)m Lane width B:2Im
[0.6-0.9km Curve radius [0.7)km
Position traffic sign ~ [150jm

Moveable objects
Ego vehicle, raffic jam;

Interaction : Ego in maneuver Traffic jam

Moveable objects
End of traffic jam [23-3.5]m

Moveable objects
Endof trafficiam  [40Jm

speed [0.6-0.9km Traffic jam speed  [30)km

Heliyon 10 (2024) e25000

Dynamic environment tags

‘ - Cariageway user type, Activities, ‘

Dynamic Initial state, Animals
environment
Static environment tags
CETRAN
Project - Road type, Road layout, Static object,
Tags Traffic light
_Stauc Conditions
environment
Conditions tags
| - Weather, Lighting |
(1) Tags
SC28:Ego ing
' T - S
I {(Veticeiongvna vy}~ Divngfowerd )

'
(@) Schematicrepresentation of SC28

{T Vetice bteral acivty _}-»{_Going staight ]

Roadlayout Jucion

Traffic ight

(b) Tags of SC28
(2) Scenario example

(b) CETRAN project

Fig. 7. Information described in the accident scenarios composed by PEGASUS and CETRAN projects.
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(2) Scenario example
(a) PEGASUS project
Table 6

Accident factors extracted from DMV collision report and their appearance in PEGASUS or CETRAN projects. 11 factors in bold face are the factors
that appear in PEGASUS or CETRAN project. We use all 14 factors for composing scenarios.

Accident Factors used in the DMV Reports

Appearance of the Accident Factors

PEGASUS Project Layers

CETRAN Project Tags

1 2 3 4 5

Dynamic Environment

Static Environment Conditions

Type of Accident

Weather

Lighting

AVs Movement Preceding Collision
HVs Movement Preceding Collision
AVs Type of Collision

HVs Type of Collision

AVs Relative Position

HVs Relative Position

Location

Road Surface

Road Condition

Time

Traffic Light

o o

o o

(o)

[0}

model categorizes six ensembles: road level, traffic infrastructure, temporary modifications/events, moving objects, environmental
conditions, and digital information. The ensemble is subdivided into factors, including road geometry, traffic signals, road conditions,
dynamics of the ego vehicle, lighting conditions, and V2X information. These factors are essential for highway scenarios, forming
specific highway scenarios for evaluating the safety of AV. A functional scenario is a text description of road networks, stationary or
non-stationary objects, and environmental conditions. The functional scenario also provides lane width, speed limit, vehicle move-
ment, and weather information, as shown in Fig. 7-(a). Based on the factors defined by the functional scenario, the logical scenario sets
the range of values, and the concrete scenario sets the value of individual factors.

The CETRAN project [51] specifies 64 representative scenarios to evaluate AVs’ safety based on the NHTSA pre-crash scenarios
[52]. CETRAN presents moving objects as a dynamic environment tag and stationary objects as a static environment tag, as shown in
Fig. 7-(b). Also, CETRAN specifies condition tags such as weather and lighting. Fig. 7-(b) shows an example of the scenario provided by
CETRAN. The scenario contains a schematic diagram to identify the situation. Also, it provides detailed information on ego vehicle,
actor vehicle, and road layout, based on the three tags (dynamic environment, state environment, and conditions) to evaluate the

safety of AV.
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Name Scenario 1 Name Scenario 2
Cluster information Cluster 1 Cluster information Cluster 1
Rule 1D 3and 4 Rule ID 5and6
A Car-to-Car Weather | Clean TA Car-to-Car Weather | Clean
Lighting | Daylight Location | Intersection Lighting | Darkestreetights |  Location | Intersection
Road | Nounusual Road Road
suface | O Condtion | condition sutace | O Condton | NA
12-18 Traffic Light | Red light Time 18~24 Traffic Light | N/A
HVs Movement Als Movement HVs Movement
=Tl | passing other Proceeding Changing
Stopped eoRlfd | vehicie Teeedd | siaight il | ane
AVs Relative HVs Relative AVs Relative HVs Relative
positon | ¢! Posiion | RNt positon | L Posiion | NNt
s | AvsTypeof HVs Type of | o AVs Type of . HVs Type of
=] Colinon | Sideswipe Collaan | Sideswipe Colison | Sideswipe Collan | Sideswipe
Name Scenario 3 Name Scenario 4
Cluster information Cluster 2 Cluster information Cluster 2
Rule ID 7and 8 Rule ID Sand 10
TA Car-Alone ‘Weather Cloudy TA Car-Alone Weather Clean
Lighting_ | Daylight Location | Intersection Lighting__ | Dayiight Location | Road
Road |, Road | Nounusual Road |, Road | Nounusual
sutace | O Condiion | condition Surface 4 Condiion | condition
Tme | 6-12 Traffic Light | NIA Tme | 6-12 Traffic Light | NIA
AVsMovement | |\ HVs Movement AV Movement HVs Movement
Pmming M'a:mg right Preced NIA Pws:n‘g g\;ngmg Precedis NIA
AVs Relative |\, HVs Relative | AVs Relative | HVs Relative | |\,
g:avs | posiion | NVA posion | VA §:avs | posiion | NA Positon | NA
: AVs Type of HVs Type of AVs Type of HVS Type of
et v Object
: O Collison Hit atject Collison NiA . Collison HR abject Collison NA
Name Scenario 5 Scenario 6
Cluster information Cluster 3 Cluster information Cluster 3
Rule 1D 11 Rule ID 12
A Car-to-Car Weather | Clean TA Car-to-Car Weather | Clean
Lighting _ | Dayjight Location | Intersection Lighting | Dayight Location | Intersection
Road | Road | Nounusual Road |, Road | Nounusual
Surface o Condiion | condition Suface | O Condition | condition
Tme | 6-12 Traffic Light | N/A Time | 12-18 Traffic Light | Red light
AVs Movement HVs Movement ; AVs Movement HVs Movement
Preceding | Stopped Preceding :’If:;‘l"l‘“"ﬂ pymw g Stopped Pymgmm :’,Z‘I':I‘fl‘“””
Colison n
AVs Relative HVs Relative AVs Relative HVs Relative
g:avs | Posiion | ™ Position_| 53™® §:Avs | Positon | SIme Posilon | S3M°
a AVs Type of HV Type of AVs Type of HVs Type of
Hvs -4 Hvs =
S Colison | N/A Colison | Rear-end c Colison | A Colison__| Rear-end
Name. Scenario 7 Name. Scenario 8
Cluster information Cluster 3 Cluster information Cluster 3
Rule ID 13 Rule ID 14
A Car-to-Car Weatner | Clean i CartoCar | Weatner | Clean
Lighting_ | Daylight Location | Intersection Lighting_ | Daytight Location | Intersection
Road |, Road | Nounusual Road | Road | Nounusual
Surface i Condttion | condition Surtace ¥ Condition | condition
Tme | 12-18 Traffic Lignt | Stop sign Tme | 12-18 [ Traffic Lignt | NA
Qielovel Hisovemert | Proceedin A hement | s Movement | progeding
S | Colson | S1aight ) | e Coteon | SNt ’
AVs Relative HVs Relative AVs Relative | | Vs Refative |
§:ave | Posiion | Sme Position | S3me §:ave | Posiion | Sme Posion | SaM®
& AV Type of HVs Type of AVS Type of HVS Type of
Hs Hvs
v Colison__| N/A Colison__| Rear-end g Colison__| NA Colison | Rearend
Name Scenario 9 Name Scenario 10
Cluster information Cluster 3 Cluster information Cluster 3
Rule ID 15 Rule ID 16
TA Car-to-Gar Weather | Cloudy TA Car-to-Car Weather | Clean
Lighting_ | Dayight Location | Intersection Lighting _ | Daylight Location | Intersection
Road | Road | Nounusual Road |, Road | Nounusual
surface | °™ Condition | condition surface | O Condition | condition
Tme | 12-18 Traffic Light | N/A Tme | 6-12 Traffic Light | Green light
AVs Movement HVs Movement AVs Movement HVs Movement |
ol | croppsd e :1,:(];:::!mg SRl swopos = Waking ight
Colison Colisin Collscn Callsion
AVs Relative HVs Relative AVs Relative HVs Relative
§:avs | Positon | S3me Position_| S4M® §:avs | Positon | SaMe Posiion _ | S3M®
AVs Type of HVs Type of AVs Type of HVs Type of
Hs Hs o
8 Colison__| VA Colison__| Rear-end c Colison | MA Colison _ | Rear-end
Name Scenario 11 Name Scenario 12
Cluster information Cluster 4 Cluster information Cluster 4
Rule ID 18and 19 Rule ID 20and 21
A Car-to-Car Weather | Clean A CarloCar | Weainer | Clean
Lighting | Daylight Location | Intersection Lighting | Darksteetigns | Location | Intersection
Road B No unusual Road i | Road No unusual
Surface i Condition | condition Surface . Condition | condition
Tme | 6-12 Traffic Light | NIA Tme | 18-24 Traffic Light | NiA
AV Movement A HVshovement A AVs Movement ) Hs Movement
Procesding Changing Making right Making right
PIecedh) | giraight PooX0 | 1ane Procsad | wm el P
AVs Relative | o | HVs Relative AVs Relative HVs Relative |
§:ave | Positon | RiONt Positon | Lt §:avs | Posiion | RN Posiion | Left
AHvs | AVsTypeof HVs Type of Hvs | AVsTypeof | HVs Type of
s Colison | A Colison | eearend 2] Colison | Sideswipe Colison | S'deswipe
Name Scenario 13 Name Scenario 14
Cluster informaton Cluster 4 Cluster information Cluster 4
Rule ID 22and 23 24and 25
TA Car-to-Gar Weather | Clean TA Car-to-Car Weather | Clean
Lighting | Daylight Location | Intersection Lighting | Daylight Location | Road
Road | Road | Nounusual Road |, Road | No unusual
Surface i Condition | condition Surface o Condition | condition
Tme | 6-12 Traffic Light | N/A Tme | 12-18 Trafflc Light | N/A
AsMovement | pooeeqing | HVSMovement | pogging oher AlsMovement | oy, ging | HVsMovement | oy ing
Precedng | ool Precedig | opie Precedng |0 Precedrg | oo
Colison Colision Collscn Collson
AVsRelative | . HVs Relative AVs Relative | . HVs Relative
B:avs | position | NNt Position | 1 Position | eht Position | -1
Hve | AVsTypeof HVs Type of AVs Type of HVs Type of
g Colian | Sideswipe ol | Sideswipe Collean | Sideswipe Collaon. | Sideswipe

Fig. 8. Accident scenarios generated based on the association rules.
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Safety Function

Requirement Recognition and response evaluation for the Target vehicle approaching from behind

Type of Accident Car-to-Car
Type of Collision Rear-end
Weather Clean
Lighting Daylight
Time 12~18
Location Intersection

Visualization of the

Accident
Text Description In a situation where the ego vehicle(AVs) is stopping at an intersection, the ego vehicle(AVs) should respond to the
of Accident situation where the target vehicle(HVs) approaches without securing a safe distance.
Number of lanes 2
Road alignment Straight line
Road Geometry Road surface Dry
Road condition No unusual condition
Traffic light Stop sign
Object Vehicle Type Driving Lane ‘ Relative position Movement
Ego Vehicle
Object Movement ¢ (AVs) Passenger Car 1stlane ‘ - Stopped
Targ(e|_t|\\//se)h|cle Passenger Car 1stlane ‘ Behind Proceeding straight
Source of Scenario Data Source DMV collision report in California

Fig. 9. Scenario #7 written in a PEGASUS functional scenario format.

In Table 6, we listed 14 accident factors that can be extracted through the DMV collision report. We found out that both PEGASUS
and CETRAN scenarios specify the accident factors such as the movements of AVs and HVs preceding collision, traffic light infor-
mation, and the relative positions of the vehicles. Unlike CETRAN, the PEGASUS scenarios specify road surface and condition.
However, PEGASUS scenarios do not specify the type of accidents, while CETRAN scenarios do.

Our accident scenarios describe AV accidents more thoroughly by including the accident factors that are considered neither by
PEGASUS nor by CETRAN.

The AVs urban accident scenario was presented using the association rule, including all 14 accident factors. Given the association
rules with statistical significance (min_support = 0.03 or min_lift = 1.5), we combine the association rules to constitute scenarios. Any
two association rules can be combined if they satisfy three conditions as follows:

(1) Condition 1: An antecedent must contain all 14 accident factors.

(2) Condition 2: The two association rules can be combined if they have identical antecedents.

(3) Condition 3: The pair of consequents from the association rules generated by Rule 2 must be physically plausible and match the
accident situation described in the antecedents. For example, if the accident was not a car-to-car collision, then having an AV
colliding with a stationary object and an HV sideswiping the AV is not physically plausible. As another example, it is not
physically plausible to state that HV was in a head-on collision with the AV while AV was reported to have sideswiped the HV.

Except for rules #1, #2, and #17, an association rule in Table 5 matched another rule to constitute one of the 14 accident scenarios

we have compiled in Fig. 8. In each scenario, we have provided a visual depiction of the vehicle motions leading to collisions. Besides
the illustrating the accidents, we have provided the 14 factors explaining the accident situation and the collision types. We have
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SECTION 5 — ACCIDENT DETAILS - DESCRIPTION SECTION 5 — ACCIDENT DETAILS - DESCRIPTION
W Autonomous Mode [ Conventional Mode 1. Essential elements (Check if the elements are described below)
O Mode of AVs O Longitudinal movement of AVs [J Longitudinal movement of HVs
On December 77, 2021 at 10:47 AM PST a Waymo Autonomous Vehicle(*“Waymo AV") L
operating in San Francisco, CA was in a collision involving an SUV at Oak Street at O Lateral movement of AVs O Lateral movement of HVs O Longitudinal speed of AVs
Stanyan Street. - L .
O Longitudinal d of HV: O D I f AV oD I f HV
While in autonomous mode, the Waymo AV came to a stop at a stop sign on Oak RNORLCHNE, SRERR.oT NS HNNG R LS ARGENRICLIS
Street. While the ADV was stopped, waiting for a pedetrian to cross and for traffic on O Longitudinal position of AVs O Longitudinal position of HVs O Numbers of target vehicles

Stanytan Street to clear, an SUV approached the Waymo AV from behind and made
contact with the rear of the Waymo AV. At the time of the impact, the Waymo AV's
Level 4 ADS was engaged in autonomous mede, and a test driver was present (in the

2. Detailed description of the situation

driver's seating position). The Waymo AV sustained minor damage to the rear bumper. In this situation ~
(a) DMV Collision Report (Original Version) (b) DMV Collision Report (Suggested Revision)
St Runctien Recognition and response evaluation for the Target vehicle approaching from behind
Requirement
Type of Accident Car-to-Car
Type of Collision Rear-end
Weather Clean
Lighting Daylight
Time 12~18
Location Intersection

Visualization of the

Accident Situation
Text Description In a situation where the ego vehicle(AVs) is stopping at an intersection, the ego vehicle(AVs) should respond to the situation where the target vehicle(HVs) approaches
of Accident without securing a safe distance.
- Variable values
Layer Item Element Description Data type Min. value Max.valie A
Road section Road section type - Categorical Road, Shoulder, Flank, Deceleration lane, Acceleration lane
Road alignment type - Categorical Straight, Curve, Hair pin curve, Transition curve or section
Minimum plane curve Automatically determined
ra§ius according to the road design Integer - - -
Layer 1: Road alignment speed and longitudinal slope.
Plane data Minimum plane curve Automatically determined
P according to the road intersection Integer - - -
length +
angle and road design speed.
Road slope Mammur;:;;relgltudmal - Float 6% 6% 1%
Road surface Road surface type - Categorical Dry, Wet, Snowy-lcy, Slippery(Muddy, Oily, etc.)
- it . Holes, Loose material, Obstruction, Construction-repair zone, Reduced
Road condition  Road condition type ) Categorical roadway width, Flooded, No unusual conditions
Vehicle type - Categorical Passenger car, Van, Bus, Truck, Emergency car, Motorcycle, Others
Initial driving lane - Categorical 1 6 1
Initial movement Lateral movement Integer Proceeding straight, Cut-in, Cut-out, Cut-through, Others
Ego Drlvmgo:asriﬁ ::i;ze a8 Longitudinal movement Integer Constant speed, Accelerating, Decelerating, Stopping, Others
b Movement in the case of Lateral movement Categorical Proceeding straight, Cut-in, Cut-out, Cut-through, Others
situation Longitudinal movement Categorical Constant speed, Accelerating, Decelerating, Stopping, Others
Layer 4 : Longitudinal speed in  The maximum value depends on -
Scenario participant the case of situation the real road speed limit Integer 10kmi S0=60kmA 10
data Number of vehicle 2 Integer 0 5 1
Vehicle type - Categorical Passenger car, Van, Bus, Truck, Emergency car, Motorcycle, Others
Whether vehicle is AV None Categorical Level 0, Level 1, Level 2, Level 3, Level 4, Level 5
Target Vehicle Initial dnvllzgeor fosaise - Integer 1 6 1
Initial relative location R Categorical ahead, ahead-left, ahead-right, side-left, side-right, behind, behind-left,
for the Ego g behind-right, oncoming, oncoming-left, oncoming-right
Initial movement Lateral movement Categorical Proceeding straight, Cut-in, Cut-out, Cut-through, Others
Longitudinal movement Categorical Constant speed, Accelerating, Decelerating, Stopping, Others

(c¢) Logical & Concrete scenario

Fig. 10. An examples of current DMV report and suggested revision. A logical and concrete scenario for Scenario #7 based on PEGASUS scenario
description framework.

indicated the rules that were combined to constitute a given scenario. We have also specified the cluster to which the combined rules
belong. The scenarios generated from Cluster 3 are associated with a single association rule because all the rules describe the situation
where HVs hit the rear end of the AVs.

We presented Scenario #7 from Fig. 8 as a functional scenario set by the PEGASUS project, as shown in Fig. 9. The safety function
requirement section is about the evaluation element of AVs. Scenario #7 is to test the response of the stopped ego vehicle when the
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Following Vehicle Making a Maneuver and Approaching Lead Vehicle Following Vehicle Making a Maneuver and Approaching Lead Vehicle
Typical Scenario: Vehicle is changing lanes or Driving Environment Driver Vehicle
passing in an urban area, in daylight, under clear
weather conditions, at a non-junction with a posted Da ng'}th T 7?://0 Alcohol XS 95:/» ontributing 8(1]:/0
Linitof 55 mph:and ¢l ona .. [Dark Lighte 16%) No 5%] No %
sp;gd] it of 55 mph; and closes in on a lead Lighting (= o = TNo Obsrostion— 6771 Factors (e 0%
vehicle. Dawn/Dusk % o;'“""'d [Vision Obscured | 22— Vo 0.1%
. . o . . Weather |CIEE 91%] 2P*r¢d [Gnknown 4] ROV [No 100%
Factor O Rep : Intersectio lated location, inattention, speeding, and e reres 9% hattention %] TNo Driver Present N
younger driver are over-represented (based on a simple comparison of percentages). Road |Dn 85%| Driver [Sleep: 0.3%} Going Straight
Surface _[WetSlippery 15%| Distracted [Not Distracted | 24%) Decelerating in Traffic Lane
. Lo S L . . . FRosd  Smight - [544 7 o o Traffo Ln
Dynamic Variations: Vehicle is turning right and then closes in on a lead vehicle (22% of Road  [Straight 34 ST il Accelerating in Traffic Lane
crashes) | Alignment |Curve %) Yes 25%] Starting in Traffic Lanc,
: Road |Level %)| Speeding [No 64%) |Stopped in Traffic Lane -
5 5 : o Profile _[Other % [Unknown 11% Passing Another Vehicle 9%
Scenario Sever'ity: Table be.]()w quantifies the annual severity of}hls crash scenario in —— T J%‘: Specding — Parkcdgm Travel Lot —
terms of five different metrics based on 2004 GES statistics. This table also provides the Land Use [7a-m 53%4) Rockloss iTA Leaving a Parked Position il
ratios of people involved by maximum injury severity using the KABCO and AIS injury Day  |Weckda 77%)| Violation [None | PreEvent |5 g o Parked Position 1%)
scales. About 0.50 percent of all people involved in this crash scenario suffered high- Y [Weekend 23%) Other 42%) h“""'"g Right 22%)
level MAIS 3+ injuries (serious, severe, critical, or fatal). On Roadway 96%| |Unknown 13% [Turning Left 7%
Relation to |Shoulder/Parking Lane | 1% TI1/Blackout 0.1 [Making U-turn 0.3%)
Crash Severity Scenario__|Scenario/All Roadway [0 Roadway 2% DIowsy 02 [Backing Up -
No. of crash Y |Left Tum Lane 0.3%| tmpai 587 Negotiating a Curve =
oot crashes 85,00 1.44%) Unknown B Other 29 Changing Lancs 36%
No:ofvehiclesinvolved 180,00 1.69% Non-Junction 6% Unknown 10% Merging %)
No. of people involved 249,001 1.66%) 7% Gender M2 99 Prior Corrective Action 3%
it ic cost $1,212,000,00 1.01%)| " Intersection-Related 33%) Female 1% Other 12%)
e Relatonito 15 /ATl % Yo =22 |3 Object in Road 0.2%
Cost |runctional years lost 18,00 0.67%) Junction | SeWaYATEY 9 SUnger == ject In $08C =
= Ramp 6%| Age [Middle=251to 64| 62%] Poor Road Conditions -
one 0.860) 1.052) Rail Grade Crossing__| 0.3%) Older >= 65 5%] Animal in Road -
Possible 0.103 0.946| Other/Unknown 14%) Vehicle in Road 12%
K ABCON itati 0.023] 0.482] <=20 0.5%) Driver [Non-Motorist in Road -
i - 2 %) Avoidance [Hit and Run 17%]
gia: 0.009 0.487) et B % Maneuver [No Driver Present -
[Fatal 0.0001 0.053 S 25% Other Avoidance Maneuver |-
[Unknown 0.004 1.049) e 10% Unknown 579
IDicd prior i _ (meh) 19% None 3%
0 5% Phantom Vehicle 0.01%
one 0.817] 1.047] 35 24% No Driver Present B
Minor 0.163 0.864) Traffic | Lraffic Controls T 50%) [No Avoidance Maneuver 11%]
g Moderate 0015 0.707] Controy [ Traflic Signal 29% Braking 5%
= eld S D &
e ISerious 0.004 0.632| et ‘%(;p/\(lcld Sign 1: 7 Corrective l;clcasx?g Brakes -
Sealo Severe 0.0009 0.573 ot % ction | [Steering 3|
o " 4 [Braked and Steered 1%)
(Critical 0.0002] 0516 p ol T30
Fatal 0.0001 0053 Accelerated and Steered )
IInjured people per crash 0533 096 Other 0.1%]
Unknown 75%)
Driver and vehicle statistics represent the striking light vehicle.
(a) Typical scenario of NHTSA (b) Probabilities of dynamic factors

Fig. 11. NHTSA pre-crash scenario.

target vehicle approaches from behind. This scenario should be tested at the intersection in clean weather and daylight. In addition, the
scenario contains a visual and textual description of the accident. Road geometry is a section that provides information about the
number of lanes, road alignment, road surface, road condition, and traffic lights. The object movement section provides information on
the vehicle types, driving positions, and movements of vehicles during critical situations. The source of the scenario is a section
presenting the source of data we utilized to generate the scenario. The example in Fig. 9 states that the scenario was created using the
DMV collision report in California.

The logical and concrete scenario elaborates more on the functional scenario, as shown in Fig. 10-(c). The framework is proposed by
Ko et al. (2022) [53] and Kang et al. (2022a) [39] based on the PEGASUS project. The logical scenario provides a range of factors. In
contrast, the concrete scenario specifies the exact values of the factors to configure for the safety evaluation of AVs. Fig. 10-(a) shows
the sample DMV report that tends to be inconsistently formatted by the car manufacturers. Fig. 10-(b) shows the suggested revision of
the DMV report format that conforms to the logical and concrete scenarios. We have added essential description elements such as AVs
mode, vehicle speed, vehicles’ longitude movement, the number of lanes, and the number of the target vehicle. These elements can be
fully described in Section 5.2 of the DMV report.

5.2. Comparison between AV and HV accident scenarios

To delve into the peculiar AV accident patterns not normally seen by conventional HVs, we compared the AV accident scenarios
described in section 5.1 with 37 HV-only pre-crash scenarios generated by NHTSA. The NHTSA scenarios are based on the 2004
General Estimates System crash database. It provides specific information on the typical scenario (Fig. 11-(a)) and provides the
probability of the influential factors in the scenario (Fig. 11-(b)).

It is necessary to AV and HV accident patterns under the same conditions. NHTSA and CA DMV data both consist of traffic accidents
caused by HVs. We calculated the probability of HVs getting involved in an accident under the NHTSA scenarios similar to ours.

We selected four typical scenarios that are similar to our scenarios in NHTSA, Following Vehicle Making a Maneuver and
Approaching Lead Vehicle (scenario #1, #2, #11, #12, and #13), Vehicle Contacting Object Without Prior Vehicle Maneuver (sce-
nario #3 and #4), Following Vehicle Approaching a Stopped Lead Vehicle (Scenario #5 to #10) and Vehicle Changing Lanes-Vehicle
Traveling in Same Direction (scenario #14). In Table 7, HV/HV represents the factors and probabilities of conventional HVs accidents
as presented in the existing NHTSA. On the other hand, HV/AV represents the factors and probabilities of involving HVs and AVs. The
probability of HV/HV and HV/AV in scenario #1 has 2.455 % and 0.356 %, respectively. The two cases differed in terms of Traffic
Control Device and Pre-Event Movement. Likewise, if they have the differences in the probability between HV/HV and HV/AV, we
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Table 7
Probability of our AV scenarios occurring in NHTSA HV pre-crash scenario.
Scenario  Typical scenario typology ~ Type Lighting Weather  Road Land Relation to Traffic Pre-Event Probability
(NHTSA) Surface Use Junction Control Movement
Device
1 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Changing 2.455 %
Making a Maneuver and HV controls lanes
Approaching Lead 0.76 0.91 0.85 0.58 0.4 0.5 0.36
Vehicle HV/ Daylight Clear Dry Urban  Intersection Traffic Passing 0.356 %
AV signal another
vehicle
0.76 0.91 0.85 0.58 0.4 0.29 0.09
2 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Changing 2.455 %
Making a Maneuver and HV controls lanes
Approaching Lead 0.76 0.91 0.85 0.58 0.4 0.5 0.36
Vehicle HV/ Dark Clear Dry Urban  Intersection No traffic Changing 0.517 %
AV lighted controls lanes
0.16 0.91 0.85 0.58 0.4 0.5 0.36
3 Vehicle Contacting HV/ Daylight Clear Dry Urban  Non-junction No traffic Other 4.463 %
Object Without Prior HV controls
Vehicle Maneuver 0.46 0.87 0.64 0.66 0.7 0.82 0.46
HV/ Daylight ~ Adverse Dry Urban  Intersection No traffic Turning right 0.026 %
AV controls
0.46 0.13 0.64 0.66 0.14 0.82 0.09
4 Vehicle Contacting HV/ Daylight Clear Dry Urban  Non-junction No traffic Other 4.463 %
Object Without Prior HV controls
Vehicle Maneuver 0.46 0.87 0.64 0.66 0.7 0.82 0.46
HV/ Daylight Clear Dry Urban  Non-junction No traffic Changing 0.097 %
AV controls lanes
0.46 0.87 0.64 0.66 0.7 0.82 0.01
5 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
Approaching a Stopped HV controls straight
Lead Vehicle 0.81 0.85 0.79 0.51 0.54 0.45 0.77
HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
AV controls straight
0.81 0.85 0.79 0.51 0.54 0.45 0.77
6 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
Approaching a Stopped HV controls straight
Lead Vehicle 0.81 0.85 0.79 0.51 0.54 0.45 0.77
HV/ Daylight Clear Dry Urban  Intersection Traffic Going 4.498 %
AV signal straight
0.81 0.85 0.79 0.51 0.54 0.39 0.77
7 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
Approaching a Stopped HV controls straight
Lead Vehicle 0.81 0.85 0.79 0.51 0.54 0.45 0.77
HV/ Daylight Clear Dry Urban  Intersection Stop/yield Going 1.038 %
AV sign straight
0.81 0.85 0.79 0.51 0.54 0.09 0.77
8 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
Approaching a Stopped HV controls straight
Lead Vehicle 0.81 0.85 0.79 0.51 0.54 0.45 0.77
HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
AV controls straight
0.81 0.85 0.79 0.51 0.54 0.45 0.77
9 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Going 5.19 %
Approaching a Stopped HV controls straight
Lead Vehicle 0.81 0.85 0.79 0.51 0.54 0.45 0.77
HV/ Daylight Adverse Dry Urban  Intersection No traffic Going 0.916 %
AV controls straight
0.81 0.15 0.79 0.51 0.54 0.45 0.77
10 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Going straight ~ 5.19 %
Approaching a Stopped HV controls
Lead Vehicle 0.81 0.85 0.79 0.51 0.54 0.45 0.77
HV/ Daylight Clear Dry Urban  Intersection Traffic Turning right 0.003 %
AV signal
0.81 0.85 0.79 0.51 0.54 0.39 0.0005
11 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Changing 2.455 %
Making a Maneuver and HV controls lanes
Approaching Lead 0.76 0.91 0.85 0.58 0.4 0.5 0.36
Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Changing 2.455 %
AV controls lanes
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Table 7 (continued)

Scenario  Typical scenario typology ~ Type Lighting Weather  Road Land Relation to Traffic Pre-Event Probability
(NHTSA) Surface Use Junction Control Movement
Device
0.76 0.91 0.85 0.58 0.4 0.5 0.36
12 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Changing 2.455 %
Making a Maneuver and HV controls lanes
Approaching Lead 0.76 0.91 0.85 0.58 0.4 0.5 0.36
Vehicle HV/ Dark Clear Dry Urban  Intersection No traffic Turning right 0.316 %
AV lighted controls
0.16 0.91 0.85 0.58 0.4 0.5 0.22
13 Following Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Changing 2.455 %
Making a Maneuver and HV controls lanes
Approaching Lead 0.76 0.91 0.85 0.58 0.4 0.5 0.36
Vehicle HV/ Daylight Clear Dry Urban  Intersection No traffic Passing 0.614 %
AV controls another
vehicle
0.76 0.91 0.85 0.58 0.4 0.5 0.09
14 Vehicle Changing Lanes- HV/ Daylight Clear Dry Urban  Non-junction No traffic Changing 11.102 %
Vehicle Traveling in HV controls lanes
Same Direction 0.74 0.89 0.83 0.54 0.69 0.79 0.69
HV/ Daylight Clear Dry Urban  Non-junction No traffic Changing 11.102 %
AV controls lanes
0.74 0.89 0.83 0.54 0.69 0.79 0.69

highlighted them in Table 7. For example, in scenario #2, HV/AV occurred during Dark-lighted while HV/HV tends to occur more
during daylight. The probability of HV/AV in scenario #3, #4, and #10 was significantly low, below 0.1 %, whereas the probabilities
of HV/HV were orders of magnitude higher in those scenarios.

These findings highlight two important points:

While some AV-derived scenarios may appear similar to typical scenarios involving conventional HVs, such as scenario #5, #8,
#11, and #14, most AV scenarios exhibit significant differences. These probability gaps represent edge cases that may have been
overlooked from the perspective of HVs. To prevent AV traffic accidents resulting from these edge cases, it is crucial to conduct safety
assessments based on our study.

The utilization of AV data is vital for generating accurate AV scenarios, as the accident patterns of HVs and AVs differ. This dis-
covery is invaluable, emphasizing the need to test AVs under different accident scenarios than HVs. Conducting a more in-depth
analysis to understand the reasons behind the distinctive accident patterns exhibited by AVs would be an interesting avenue for
future research.

It is important to note that the NHTSA did not consider significant factors that can influence traffic accidents, such as relative
vehicle positions.

From the perspective of AVs, acquiring accurate information on the surrounding vehicle positions is a fundamental requirement for
facilitating Advanced Driving Assistance Systems. Human drivers can perceive surrounding vehicles. However, their level of awareness
is less extensive than that of AVs. Therefore, to comprehensively assess factors influencing accidents involving AVs, it is essential to
study AV accident data.

6. Conclusion

We used clustering and association rule mining techniques to group similar and statistically significant patterns of AV accidents in
urban areas with more challenging driving conditions than highways for the AVs.

We collected raw data from 370 accidents reported by the DMV of California, USA. We obtained six different clusters of accidents
and 313,748 association rules. With minimum support or lift of 0.03 and 1.5, respectively, we could narrow down to 25 association
rules that can constitute an accident scenario for AV safety tests. We have provided a novel method for combining any two association
rules to derive functional, logical, and concrete scenarios. We have extended the PEGASUS scenario description framework to include
detailed collision types. In addition, we suggested revising the current DMV report to contain a complete description of the accident
situation.

We have derived 14 scenarios significantly different from the conventional HV accident scenarios reported by NHTSA. Such a
discovery urges AVs to be reliably tested under more relevant scenarios than those involving only HVs.
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