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Abstract—In scenario-based testing and validation of au-
tonomous driving systems (ADSs), existing studies often focus
on generating scenarios that expose system weaknesses, such as
collisions, but lack a principled way to determine whether those
collisions are avoidable or unavoidable. This paper presents safety
reference benchmarks that formally distinguish between collision-
avoidable and collision-unavoidable conditions for the safety
evaluation, testing, and verification of ADSs. The benchmarks are
constructed for two critical, yet often neglected, oncoming traffic
scenario classes: (1) an oncoming vehicle executing a U-turn,
and (2) an oncoming vehicle temporarily swerving out of its lane
to avoid an obstacle. These benchmarks serve as a universally
applicable reference baseline for evaluating and comparing the
safety performance of different ADS implementations and pro-
vide a direct, benchmark-driven means to identify safety-critical
scenarios. To validate the utility of the reference benchmarks,
we conduct empirical evaluations using a production-grade ADS
(Autoware), its shielded variant, and six end-to-end learning-
based agents. The results reveal safety weaknesses in Autoware
as well as the six agents in collision-avoidable scenarios and
demonstrate that a controller safety shield can substantially
improve safety.

Index Terms—Autonomous Driving, Safety Benchmark, Sce-
nario, Autoware, Testing Oracle, Avoidable Collision, TransFuser,
InterFuser

I. INTRODUCTION

Scenario-based approach has become a widely adopted
testing and validation methodology for autonomous driving
systems (ADSs), as it enables assessment of ADSs under
specific traffic conditions in a controlled manner. Given the
vast space of all possible driving scenarios, identifying chal-
lenging or safety-critical scenarios that can effectively stress
the system has become a common idea to reduce the ef-
fort [1]]. Much research focused on the automated generation of
such scenarios using fuzzing, search-based, or sampling-based
methods [[2]-[10]. These studies typically concentrate on high-
density intersections or a common set of interactions, e.g.,
vehicles decelerating and changing lanes, to identify safety-
critical situations. Oncoming traffic scenarios, e.g., when an
opposing vehicle executes a U-turn, are notably absent from
the critical cases generated in these prior studies, despite their
frequency in real-world driving.

In studies on safety-critical scenario generation, when a
collision is observed, it is often unclear whether the collision
was avoidable for the ADS or inherently unavoidable because,

for example, the surrounding traffic behaved unrealistically
or too abruptly. The importance of distinguishing between
avoidable and unavoidable collisions has been highlighted in
prior work [11]], [12]. In these studies, a collision is defined
as avoidable if it can be prevented in the same scenario by
modifying the configuration of the path planning module in
the ADS. They implicitly assumed failures arise from improper
configurations; however, collisions may also result from flawed
logic in perception, planning, or control modules. Moreover,
the definition is tightly coupled to the specific design of that
path planning module, restricting its generalizability across
different ADSs.

Addressing these critical limitations, this work presents
safety reference benchmarks for the safety evaluation, test-
ing, and verification of ADSs, explicitly defining the con-
ditions under which a collision should be avoidable by a
reasonably behaving ADS. The benchmarks are constructed
for two critical classes of oncoming traffic scenarios: (1) an
oncoming vehicle executing a U-turn, and (2) an oncoming
vehicle temporarily swerving out of its lane to avoid an
obstacle. To the best of our knowledge, no prior studies have
explicitly examined ADS safety and reliability under these
oncoming traffic scenarios. Unlike same-direction scenarios,
where the motion patterns are relatively predictable, these
maneuvers challenge the ADS to distinguish between a routine
approach and a sudden path intrusion with high relative
velocities. Our findings reveal that these scenarios expose a
fundamental limitation in state-of-the-art ADSs: the failure to
accurately predict traveling intent until the moment of impact.

The resulting benchmarks are designed to serve as a uni-
versally applicable reference baseline for evaluating the safety
performance of different ADSs. Within the scenario set defined
by the benchmarks, we can systematically identify safety-
critical scenarios, namely those that are collision-avoidable yet
expose collision-prone behaviors in the ADS under test/veri-
fication. This enables focused stress testing of ADSs without
relying on search-based techniques or extensive random explo-
ration, as commonly adopted in prior work. Furthermore, be-
cause outcome interpretation is standardized, the benchmarks
enable a fair and objective performance comparison between
different ADS implementations or system variants.

The proposed benchmarks are grounded in the industrial



safety standard proposed by the Japan Automobile Man-
ufacturers Association (JAMA) [13|]. This safety standard
systematically decomposes driving conditions into multiple
classes of scenarios formed through combinations of relevant
factors (e.g., road geometry, relative positions and motions of
surrounding vehicles) that affect the ADS’s operation. This
systematic decomposition offers a principled way to reason
about how sufficiently the tackled scenarios cover the entire
space of possible driving conditions, which is difficult to assess
in prior scenario-generation approaches.

Using the benchmarks as an objective safety oracle, we eval-
uate the safety of Autoware [14]], an open-source autonomous
driving (AD) platform. While different variants of this plat-
form have been deployed in public commercial services,
e.g., autonomous taxis and buseﬂ systematic research and
evaluation efforts focusing on it remain limited. Our empirical
experiments reveal that in some scenarios, Autoware fails to
prevent collisions, even though those collisions are avoidable
according to the benchmarks. The experiments are conducted
using the AWSIM-Labs simulator [15] and an extended ver-
sion of AWSIM-Script [16] for scenario specification.

To further validate the utility and effectiveness of the refer-
ence benchmarks, we further evaluate six end-to-end learning-
based AD agents [17]-[20] in the CARLA simulator [21]],
enabling direct comparison between a modular production-
grade ADS (Autoware) and learning-based approaches under
identical scenarios. In addition, we evaluate Autoware aug-
mented with a controller safety shield [22], which enforces the
safety of control commands at runtime, validating the safety
improvements in this shielded system.

Contributions. In summary, this work presents the following
key contributions:

« Safety reference benchmarks: Formalized benchmarks
for two critical oncoming traffic scenario classes that
serve as a safety oracle for ADS testing and verifica-
tion. The benchmarks explicitly characterize collision-
avoidable boundaries, allowing for straightforward iden-
tification of safety-critical scenarios.

« Benchmark validation: Empirical evaluation across Au-
toware, a shielded Autoware variant, and multiple end-to-
end AD agents, revealing safety weaknesses and demon-
strating measurable safety improvements.

For the evaluation on Autoware, we make additional en-
gineering contributions by extending AWSIM-Labs to support
swerve and U-turn maneuvers and extending AW SIM-Script to
facilitate scenario specification and execution. These extended
tools, the safety benchmarks, experiment trace data, and guide-
lines to reproduce them are publicly available in [23]].

The remainder of this paper is organized as follows. Sec-
tion [l summarizes the necessary background, and Section [II|
reviews closely related work. Section describes the con-
struction of the safety reference benchmarks. Section [V]reports
the empirical evaluations on Autoware and the six end-to-end
AD agents. Finally, Section [V]I] concludes the paper.

Uhttps://autoware.org/case-studies/

II. BACKGROUND

A. Scenario Decomposition in the JAMA Standard

JAMA [13] proposed a structured approach for decom-
posing driving conditions into multiple classes of scenarios,
enabling safety evaluation and analysis of ADSs on a per-
scenario-class basis. This approach has subsequently been
incorporated into UN Regulation No. 157 [24] and ISO
34502 [25]. In this approach, factors affecting ADS operation
are categorized into three types of disturbances:

o Perception disturbances: referring to conditions under
which the sensor system may misperceive hazards;

o Traffic disturbances: arising from interactions among road
geometry, positions and actions of surrounding traffic ;

o Vehicle disturbances: referring to other factors that may
make the vehicle fail to control its own dynamics, e.g.,
road surface conditions and weight distribution.

This work focuses on traffic disturbances. In real-world
driving environments, an autonomous vehicle must operate
alongside other traffic participants such as cars and cyclists,
whose behaviors may change dynamically and unpredictably.
Consequently, traffic disturbances are inevitable and represent
a fundamental aspect of ADS operation. Evaluating ADS
behavior under these disturbances is therefore essential for
assessing the system’s ability to safely handle real-world traffic
situations.

Under these traffic disturbances, JAMA systematically com-
bines variations in road geometry (e.g., intersection, non-
intersection, and merge zones), relative positions of surround-
ing vehicles (e.g., front, lateral, and oncoming), and their
motion patterns (e.g., accelerating, decelerating, turning, or
swerving) to construct a structured scenario matrix. Each
element in this matrix represents a distinct, abstract traffic
scenario class.

Fig.[I]depicts seven scenario classes that must be considered
on non-intersection roads where the ego vehicle (in blue) keeps
going straight. The second, fourth, and fifth cells represent
scenario classes when: a leading vehicle suddenly decelerates,
a vehicle in an adjacent lane cuts into the ego lane, and a
leading vehicle cuts out while there exists a stopped vehicle
ahead, respectively. The present work focuses on the swerve
and U-turn classes, depicted in the last two cells, as these
oncoming maneuvers involve sudden intrusions into the ego
lane and make motion intent difficult for the ADS to infer
until the last moment.

Gaps. While JAMA defines high-level conceptual scenario
classes, it does not provide sufficient detail to construct
concrete scenarios. As shown in Fig. [T} the information is
presented only as a matrix of scenario categories. It does not
specify traffic participant behaviors or identify the relevant
parameters (e.g., relative position, velocity, and timing) for
each scenario class. To construct the safety reference bench-
marks, we therefore need to formalize the precise maneuver,
parameters, and constraints of each scenario class.
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Fig. 1: Traffic disturbance scenario classes when the ego vehicle (in blue) travels straight on a non-intersection road [|13|].

B. JAMA’s Careful Driver Model

The careful driver model simulates how a careful human
driver with excellent driving skills detects hazards, makes
decisions, and takes actions such as braking to avoid dangers.
This model is built around the core elements of perception,
judgment, and operation:

o Risk perception: The time it takes for the driver to identify

a potential hazard in their environment. In the cut-in
scenarios, this is defined as the duration for the cut-in
vehicle to complete a lateral movement of 0.375 m.

o Risk judgment: The time needed for the driver to assess
the risk and determine the necessity of an emergency
brake. In the cut-in scenarios, JAMA defines this as 0.4
seconds, based on some real experiments with humans.

o Braking operation delay: The time elapsed between the
decision to brake and actual brake application, cover-
ing the decision-making delay, releasing the accelerator
pedal, transferring the foot to the brake pedal, and activat-
ing the brake. JAMA sets this parameter at 0.75 seconds,
aligning with the standards used by police and domestic
courts in Japan.

ITI. RELATED WORK
A. Scenario-based Testing and Verification

Techniques for generating safety-critical scenarios are a
central focus in research on ADS testing. A large body of work
has employed search-based approaches, where optimization
or evolutionary algorithms are used to explore the scenario
space guided by well-defined fitness functions to uncover
safety-critical cases [2]], [3]], [5]. Another line of work has
explored fuzzing-based approaches for safety-critical scenario
generation [6]], [8-[10], [26]]. These methods rely on ran-
domness: test cases are generated by stochastically perturbing
inputs, often enhanced with objective functions to increase the
likelihood of reaching critical cases. A third category includes
sampling-based approaches, which probabilistically sample
the parameter space of driving conditions to create a broad
distribution of scenarios [4], [7]].

Complementing these approaches, our work identifies
safety-critical scenarios directly from the reference bench-
marks. The benchmarks also offer a principled manner for
distinguishing between collision-avoidable and unavoidable
scenarios, a distinction that was often unclear in the previ-
ously generated scenarios. Moreover, these prior studies have
focused on Apollo [27] or other Al-based perception systems,
while limited attention has been given to Autoware—even

though public AD services have already been deployed based
on this platform.

Recently, with the rapid emergence of large language mod-
els (LLMs), researchers have begun exploring LLM-based
approaches for driving scenario generation [28]—[30]], though
the reliability and integration into testing frameworks remain
limited. In parallel, another research line leverages real-world
data, e.g., crash reports and dashcam videos, to reconstruct
dangerous scenarios [31]-[36]]. While realistic, this approach
may struggle with the scarcity and non-diversity of data.

Using the JAMA standard [13]], Tran et al. [16] evaluated
the safety of Autoware (July 2024 release) in deceleration,
cut-in, and cut-out scenarios (depicted in the 2", 4" and
5% cells in Fig. . While JAMA provides safety benchmarks
for these scenarios, the underlying models or simulation code
used to derive them is not disclosed. In this work, we shift
the focus to oncoming traffic scenarios, which present more
intent-prediction challenges than the same-direction interac-
tions studied previously. Unlike those scenarios where the gen-
eral travel path is relatively predictable, oncoming maneuvers
require the ADS to distinguish between routine approaches and
sudden path intrusions under high relative velocities. Because
JAMA provides only a high-level matrix of scenario classes,
constructing reference benchmarks requires us to identify the
relevant parameters and formalize the participant behaviors.
In addition to Autoware (February 2025 release), the present
work also evaluates the safety of six end-to-end learning-
based AD agents, examining the safety performance difference
between them.

B. Avoidable/Unavoidable Collisions

Calo et al. [11], [12] have highlighted the problem of
distinguishing between avoidable and unavoidable collisions,
relating it to the oracle problem in software testing [37]]. In
these studies, collision avoidability is defined with respect to
system configuration changes: a collision in a given scenario
is considered avoidable if it can be prevented by reconfiguring
the ADS while keeping the scenario unchanged. Specifically,
the configuration corresponds to the internal cost-function
weights of the ADS’s path planning module, which assign
penalties to different factors, such as excessive acceleration
and the occurrence of a dangerous situation in the generated
path. A collision is therefore deemed avoidable if there exists
an alternative assignment of these weights under which the
ADS can avoid the collision in the same scenario. While this
definition provides a clear notion of avoidability, it has two key



limitations. First, it implicitly assumes that unsafe behavior
arises from suboptimal configuration of an otherwise correct
system; while in fact, collisions may stem from flaws in the
path planning logic itself, as well as perception or control
modules that cannot be resolved through configuration changes
alone. Second, the definition is tightly coupled to the specific
design of the path planning module under test and its weight-
based cost function, limiting its generality across different
ADSs.

IV. SAFETY REFERENCE BENCHMARKS

This section first provides some definitions related to the
safety reference benchmarks, and then details the construction
of the benchmarks for the two oncoming traffic scenario
classes.

A. Definitions

Definition 1 (Actor  state). For an actor a
(ego or NPC), its state at time t is denoted
as  xq(t) = (Pa(t),04(t),va(t), aa(t)),  where

Pa(t),04(t),va(t),aa(t) € R3 denoting the position,
orientation (in Euler angles), velocity, and acceleration,
respectively.

Definition 2 (Trajectory). A trajectory w, = {z.(t) | t €
[0,T1} of actor a is a time-indexed sequence of states defined
over a finite time horizon T.

Definition 3 (Scenario). A scenario s is a tuple s =
(2(0), G, A, 11, ©), where:

o x.(0) is the initial state of the ego vehicle;

o G, is the target destination of the ego vehicle;

o A is a finite set of NPCs (non-ego actors);

o II={rm, | a € A} is the set of NPC trajectories;

o O represents relevant configuration parameters of the ego

vehicle, e.g., speed limit.

When executing a scenario s with an ADS, the ego vehicle’s
trajectory is produced by the ADS given the initial pose and
target destination. When the ego vehicle is governed by the
JAMA’s careful driver model, a reference ego trajectory mycr
is generated.

Definition 4 (Avoidability oracle). Given a scenario s, the
avoidability oracle O(s) outputs:

e collision if a collision occurs between the ego vehicle
following the reference trajectory s and any NPC
trajectory g in 11;

e no_collision otherwise.

A scenario s is classified as collision-avoidable if O(s) =
no_collision, and as collision-unavoidable otherwise. It
should be noted that the reference ego trajectory does not
represent the set of all possible safe behaviors. Instead, it
provides a conservative baseline reference for assessing avoid-
ability. A scenario classified as collision-avoidable under this
model indicates that the careful driver’s reaction (i.e., braking
alone) is insufficient to prevent a collision, although alternative
evasive maneuvers (e.g., steering and braking) may exist.

Definition 5 (Safety reference benchmark). A safety reference
benchmark is a finite set B = {(s;,0;) | i=1,..., N}, where
each s; is a scenario and o; = O(s;) is the corresponding
collision-avoidability outcome.

The benchmark serves as a reference baseline for evaluating
an ADS by comparing the system execution trace of scenario
s; against the expected outcome o,. An ADS violates the
benchmark in a collision-avoidable scenario if it produces a
collision where the reference outcome is no_collision.

B. Methodology Overview

This work follows a structured methodology to construct
and apply safety reference benchmarks for evaluating ADSs.
The overall process consists of five main steps.

NPC Trajectory Definition: For each considered scenario
class, we define the trajectories of non-ego traffic participants.
These trajectories encode the intended maneuver of the sur-
rounding vehicles, such as a U-turn or a temporary swerve,
and are parameterized by scenario variables, e.g., longitudinal
and lateral velocities.

Reference Ego Response Formalization: Given the NPC
trajectories and scenario parameters, we formalize the ego
vehicle’s response using the careful driver model. This model
deterministically generates a reference ego trajectory by ex-
plicitly modeling risk perception, risk judgment, and braking
action.

Safety Reference Benchmark Construction: From the NPC
trajectories and the reference ego trajectory, the safety refer-
ence benchmark is constructed. Each element of the bench-
mark corresponds to a concrete scenario paired with a
collision-avoidability outcome, indicating whether a collision
occurs under the reference behavior.

Safety-Critical Scenario Identification: We systematically
identify safety-critical scenarios from the constructed bench-
mark. These scenarios lie near the boundary between collision-
avoidable and collision-unavoidable conditions and are there-
fore collision-prone. This process is driven directly by the
benchmark structure, rather than relying on search-based meth-
ods or extensive random exploration.

ADS Evaluation Against Benchmark: Finally, we evaluate
an ADS by executing the identified safety-critical scenarios
and comparing the execution traces against the benchmark out-
comes. Collisions occurring in scenarios classified as collision-
avoidable indicate safety violations, while adherence to the
benchmark demonstrates correct or improved safety behavior.

The following subsections instantiate this methodology for
two oncoming traffic scenario classes, U-turn and swerve.

C. U-turn Scenarios

Fig. [2)illustrates a representative U-turn scenario, assuming
left-hand traffic conditions. We consider a straight, two-way
road, potentially with multiple lanes in each direction. The
ego vehicle (shown in blue) travels straight in its own lane
at a constant speed of v. m/s. An oncoming passenger car
(shown in orange) approaches from the opposite direction in



Fig. 2: U-turn scenario illustration.

the innermost lane at a constant speed of v, m/s. We also call
the oncoming vehicle a non-player character (NPC).

When the longitudinal distance between the two vehicles
is d;,, the oncoming vehicle initiates a U-turn maneuver.
During the maneuver, the vehicle is assumed to keep the
steering wheel at its maximum angle. For simplicity, we
restrict vehicle motion to the horizontal plane and approximate
both vehicles as two-dimensional rectangles, abstracting away
vertical dynamics.

1) NPC Trajectory: The turning radius r of the U-turn is:

r= )
sin(a)
where w is the wheelbase of the vehicle and « is the average
of the maximum front wheel steering angles (inner and outer)
measured relative to the vehicle longitudinal axis.

Turning Center: The turning center C' lies on the line
passing through the vehicle’s rear wheels, at a distance 7 from
the midpoint between them, where:

w

- tan(a)

n 2)

Pose Update: Let 1),(t) denote the vehicle heading angle
at time ¢. As the yaw rate during the U-turn is =2, the updated
heading angle after a time increment At¢ during the U-turn is:

v, At

Ya(t + At) = 1o (t) — 3)
Let the midpoint between the two front wheels represent the
vehicle position p,(t). The updated position is:
Vo AL
r

Do (t + At) = rotate(p, (¢), C, ) )

where rotate(X,Y, ¢) is a function rotating point X around
point Y counter-clockwise by an angle ¢.

Given p,(t) and ,(t), the trajectory of the oncoming
vehicle can be computed.

2) Reference Ego Response: When observing the U-turn,
the ego vehicle responds following the careful driver model,
considering braking as the sole evasive maneuver.

Risk Perception: The ego driver is assumed to observe the
risk when the oncoming vehicle first intrudes into the roadway
traveling in the same direction as the ego vehicle, i.e., any lane
of the ego’s direction of travel, not only the lane occupied by
the ego. Formally, the perception moment ¢y (Section [[I-A) is
defined as the earliest time when one vertex of the oncoming
vehicle crosses into any lane in the ego vehicle’s direction of

TABLE I: Parameters and their configuration in U-turn sce-
narios to derive the result visualized in Fig. [3] The values in
the left table are from JAMA [13].

Parameter Value Parameter Value

Tiudge 0.4 s Ve {14, 20, 25, 30, 35, 40, 45, 50} km/h
Tdelay 0.75 s Vo {10, 15} km/h
Tierk 0.6 s dzg 9-50 m
Qmin —76ms? w 2.5 m
a 7 /6 rad

travel. This definition reflects a common-sense interpretation,
in which a potential hazard should be observed as soon as an
oncoming vehicle enters the ego vehicle’s side of the roadway.

Reaction and Braking: After tg, the driver requires Tjugge
seconds to assess the risk and decide to brake to mitigate
the risk. It takes a further 7gesy seconds of delay from the
decision moment until the brake is actually applied. Thus,
braking begins at:

ty =to+ Tjudge + Tdelay (5

From t;, the ego vehicle’s deceleration increases linearly
over a jerk period Tjex until reaching the minimum acceleration
Omin (@min < 0). For a sufficiently small At, the ego’s
acceleration at ¢t + At is:

0 ift <ty
a(t) + amin * 2L if t <t <ty + Tier (6)

ac(t+ At) = Tt
if ¢ >t + Tierk

Gmin

Given a.(t), along with the initial position and speed, the
ego vehicle’s trajectory over time can be computed. Based on
this reference trajectory and the U-turn trajectory, it is possible
to determine whether a collision occurs.

3) Safety Benchmark with Collision-avoidable Boundary:
We simulate the trajectories of the ego and oncoming vehicles
for each scenario derived from the parameter configuration
shown in Table E} The values of Tjudge, Tdelays Tjerk> aNd Gmin are
set according to the JAMA standard. The oncoming vehicle’s
speed was set to 10 km/h and 15 km/h, reflecting the fact
that U-turn maneuvers are typically performed at low speeds.
The oncoming vehicle is assumed to be a passenger car, with
a wheelbase of 2.5 m and an average steering angle of 30
degrees, following common practice. We consider two cases,
when the ego vehicle travels in the innermost lane and in the
lane adjacent to the innermost lane. Two corresponding values
of d,, are derived for these two cases.

Fig. [3] visualizes a subset of the benchmark for the case
where the ego vehicle travels in the lane adjacent to the
innermost lane, and the oncoming vehicle travels at 10 km/h.
The x-axis represents the initial longitudinal distance d, (in
meters), while the y-axis represents the ego vehicle’s speed
(in km/h). Each point represents a single scenario.

Collision Avoidable vs. Unavoidable Distinction: In the
chart in Fig. [3] green points correspond to scenarios clas-
sified as collision-avoidable, while red points correspond to
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Fig. 3: Visualization of a subset of the safety reference
benchmark for U-turn scenarios, when the ego vehicle travels
in the lane adjacent to the innermost lane, and the NPC speed
is 10 km/h.

collision-unavoidable scenarios. For instance, when the ego
and oncoming vehicle speeds v, and v, are 20 km/h and 10
km/h, respectively, a collision occurs if the initial longitudinal
distance d,, is 15 m, whereas no collision occurs if d,, is
16 m. The collision-avoidable boundary can thus be intuitively
interpreted as the zigzag line separating the green and red
regions. To demonstrate safety, an ADS is expected to behave
safely (at least) for all scenarios within the green region.

Safety-Critical Scenario Identification: The safety refer-
ence benchmark further enables systematic identification of
safety-critical scenarios. In Fig. [ these safety-critical sce-
narios correspond to the points located close to the collision-
avoidable boundary, as small parameter variations (e.g., 1 m
difference in d,) can determine whether a collision is avoid-
able or not. Such scenarios are particularly valuable for
evaluation because they place the ADS under tight safety
margins and limited reaction time, requiring precise and timely
responses. The systematic identification of these scenarios
from the reference benchmark complements the search-based
generation methods commonly adopted in prior studies, en-
abling efficient discovery of system weaknesses while ensuring
that evaluation is grounded in a formal and interpretable ref-
erence model. Section [V] presents an experimental evaluation
on Autoware and different Al-based AD agents when exposed
to these safety-critical scenarios.

We assume that the ego vehicle uses braking as the sole
evasive maneuver. This choice intentionally reflects a con-
servative baseline safety requirement: braking represents the
most fundamental and widely implemented risk-mitigation
behavior in ADSs. While more advanced evasive actions,
such as steering maneuvers, may also avoid a collision in
some situations, their availability and reliability depend on
additional perception, planning, and control capabilities that
may not be consistently implemented across systems. By
restricting the reference behavior to braking, the proposed
benchmark identifies scenarios in which a collision should
be avoidable even under a minimal safety response. In other
words, if a reasonably behaving vehicle that only performs
controlled braking can avoid the collision, then any ADS
implementing basic collision-mitigation behavior is expected
to maintain safety in that scenario.

The complete benchmark, together with the simulation
scripts used to derive it and animations visualizing the in-
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L 1

Fig. 4: Swerve scenario illustration.

teractions between the two vehicles, is publicly available
in [23]. We emphasize that the parameter configuration in
Table [I] represents one concrete instantiation that follows the
JAMA standard [13]]. The purpose of these parameters is not
to model the full variability of human driving behavior, but
rather to provide a consistent baseline for determining collision
avoidability. The scripts in [23] allow the benchmark to be
regenerated under alternative parameter configurations.

D. Swerve Scenarios

Fig. [ illustrates a representative swerve scenario. The
orange car, traveling at a constant speed of v, in the opposite
direction to the ego vehicle, needs to temporarily swerve out
of its lane to avoid an obstacle before returning to its original
lane.

The trajectory of the oncoming vehicle is represented by
four waypoints Py, P;, P», and P3, corresponding to the front-
center point of the vehicle at key moments of the maneuver.
Specifically, Py marks the start of the swerve, P; the end
of the outward lateral displacement, P, the continuation of
forward travel while maintaining the lateral offset, and Ps the
point where the vehicle merges back into its original lane.
The relative positions of the waypoints with respect to P, are
defined as:

Py (—ng,ny), Po(—ny — ds, ny), Ps(—2n, — ds, 0)

Here, n, denotes the lateral offset of the swerve. These four
waypoints provide a simple and reproducible description of
the swerving maneuver while capturing its key characteristic:
a temporary lateral intrusion into the ego vehicle’s lane.
This simplified trajectory does not aim to reproduce the full
diversity of real-world swerving behaviors. Instead, it provides
a canonical maneuver that captures the key safety-critical ele-
ment of the scenario, while enabling systematic analysis of the
resulting avoidability boundary. Alternative trajectory shapes
could be incorporated within the same benchmark generation
framework by modifying the waypoint configuration.

Let v, be the average lateral velocity of the movement
between Py and P; (and similarly between P, and Pj3), n,
can be derived from v,, vy, and n, as follows:

v2 — 2
Ng = Ny ¥ ———— (7
Uy

Once the vehicle reaches waypoint P;, steering is applied to

gradually adjust the heading toward the next waypoint P; .
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Following the pure pursuit algorithm [38], the instantaneous
yaw rate is expressed as:
_ 2u,sin(a(t))

“0 ="

where «(t) is the angle and [(¢) the lookahead distance to the
target waypoint. Given w(t), the vehicle’s heading angle 1), (t)
and position p,(t) can be integrated over time, thus yielding
the full trajectory of the swerve maneuver.

The ego driver is assumed to perceive the risk once the
oncoming vehicle first enters the ego’s lane and to respond in
the same manner as in the U-turn case. The safety reference
benchmark for swerve scenarios is constructed in the same
way as for the U-turn scenarios.

®)

V. SAFETY EVALUATION EXPERIMENTS
A. Research Questions

Experiments were conducted on Autoware—a modular,
real-world ADS—and six end-to-end AD agents, to answer
the following research questions (RQs):

e RQ1: Are the safety reference benchmarks valid and
sound for ADS evaluation?

This RQ examines whether the benchmarks meaningfully

characterize collision avoidability and provide a reliable

basis for ADS safety assessment.

— RQ1.1: Can the safety reference benchmarks effec-
tively expose unsafe behaviors in existing ADS im-
plementations?

— RQ1.2: Do scenarios classified as collision-avoidable
by the reference benchmarks indeed admit collision-
free behavior by at least one ADS or agent?

¢ RQ2: How does safety performance differ across ADS
implementations when evaluated using the same reference
benchmarks?

This RQ directly compares how different ADS implemen-

tations behave under the same benchmark scenarios, in-

cluding production-grade systems, learning-based agents,
and a shielded variant of Autoware.

— RQ2.1: How does safety performance differ between
a production-grade ADS (Autoware) and end-to-end
learning-based ADSs when evaluated under identical
benchmark scenarios?

— RQ2.2: How does adding a controller safety shield
change Autoware’s safety performance under the same
benchmark scenarios?

e« RQ3: Under which scenario conditions and characteris-
tics do ADSs often fail to maintain safety?

B. Autoware

Autoware is an open-source, production-grade ADS [14],
with Level 4 of autonomy according to the SAE J3016 classi-
fication [39]. Unlike end-to-end learning-based AD solutions,
Autoware follows a classical modular architecture, explicitly
separating perception, planning, and control [[I]. The experi-
ments were conducted on Autoware version 0.41.2 (released
February 20, 2025). The ego vehicle is equipped with one
camera and three LiDAR sensors.

Experimental Environment and Supporting Tools: The
experiments with Autoware were performed in AWSIM-
Labs [15], a simulator developed by the Autoware Foundation
for launching Autoware in a virtual environment. To spec-
ify and execute traffic scenarios, we build upon AWSIM-
Script [16], a scenario specification language. In this work,
we extend both AWSIM-Labs and AWSIM-Script to support
the simulation of U-turn and swerve scenarios.

a) Extended AWSIM-Script and AWSIM-Labs: AWSIM-
Labs was extended to support U-turn and swerve maneuvers,
while AWSIM-Scripts was extended to facilitate the specifi-
cation of these maneuvers. In addition, the new version of
AWSIM-Script enables multiple scenarios to be loaded and
executed sequentially without restarting either the ADS or the
simulator, thereby improving experimental efficiency.

b) Re-implementation of Runtime Monitor: A runtime
monitor was introduced in [16f] to record execution data in the
AWSIM-Labs—Autoware simulation environment and export
it as trace files for post-simulation analysis. This monitor was
implemented inside AWSIM-Labs and functioned solely as a
passive recorder, without the ability to check desired safety re-
quirements or intervene at runtime. To address this limitation,
we re-implemented the monitor as an independent and ex-
tensible tool, named AW-RUNTIME-MONITOR, fully decou-
pled from AWSIM-Labs. AW-RUNTIME-MONITOR supports
recording control commands generated by the control module,
as well as video captured from the camera mounted on the
vehicle, in addition to the text-based data. The independent
design further allows integration of online runtime verification
components, such as a safety shield.

The integration of these tools and the overall experimen-
tal workflow are illustrated in Fig. }] From the reference
benchmarks presented in the last section, we specified a suite
of AWSIM-Script scenarios. When a scenario is fed into
AWSIM-Script, it initializes Autoware to perform the AD
task (including the initial position and desired destination)
and AWSIM-Labs to simulate the behavior of other traffic
participants. AW-RUNTIME-MONITOR records dynamic infor-
mation of all actors and Autoware’s internal data (e.g., detected
objects, camera images, and control commands), storing them
as trace files at the end of each run.

Shielded Autoware: In addition to the baseline Autoware
system, we evaluate a variant of Autoware integrated with
a controller safety shield using the same experimental setup.



The shield is implemented within AW-RUNTIME-MONITOR
and operates at runtime by monitoring control commands
and intervening when safety constraints are violated. For
each control command produced by the control module and
each detected object provided by the perception module, the
shield estimates the minimum time-to-collision (TTC) with
the object. When the estimated TTC falls below a threshold
of 2 seconds, the shield immediately triggers automatic emer-
gency braking (AEB). This shielded Autoware serves to assess
whether the safety reference benchmarks can validate safety
improvements in a modified system.

C. End-to-end Learning-based AD Agents

To complement the evaluation of a modular, real-world
ADS, we also conducted experiments with six end-to-end
learning-based AD agents in the CARLA simulator [21]]:
InterFuser [17], Learning from All Vehicles (LAV) [18],
TransFuser [19], Latent TransFuser [20], Late Fusion [19],
and Geometric Fusion [19]. All six agents are implemented
using deep neural networks (DNNs) and learn driving policies
in an end-to-end manner, mapping raw or intermediate sensor
representations directly to driving commands or waypoints,
without an explicit modular decomposition into perception,
planning, and control. To run these agents, users must manu-
ally provide a sequence of waypoints guiding the ego vehicle
from the initial position to the desired destination. This differs
from Autoware, where only the initial position and goal
are specified, and the route is generated automatically by
the planning module. Except for Late Fusion and Geometric
Fusion, all these end-to-end solutions were submitted to the
CARLA Leaderboard [40], which hosts some AD challenges
based on the CARLA simulator.

Experiments with these six agents were conducted using
the PCLA framework [41]], which supplies the pretrained
models and a unified interface for executing these agents in the
CARLA simulator. ScenarioRunner [42], a Python interface
for scenario specification in CARLA, was used to specify the
U-turn and swerve maneuvers.

D. Experiment Setup

We conducted experiments with representative scenarios
that are safety-critical and classified as collision-avoidable
with respect to our safety reference benchmarks. As illustrated
Fig. [ these scenarios correspond to the green points located
near the zigzag boundary separating the collision-avoidable
(green) and collision-unavoidable (red) regions. As a minimum
safety requirement, Autoware and all Al agents should be able
to avoid collisions in all such scenarios.

In all experiments, the oncoming vehicle traveled at either
10 or 15 km/h, representing typical low-speed U-turn and
swerve maneuvers in the real world. The maximum achiev-
able speeds of the six end-to-end AD agents are generally
limited; for example, InterFuser is capped at approximately
18 km/h (5 m/s), while TransFuser and Latent Transfuser are
at 14.4 km/h (4 m/s). For this reason, for experiments involving
the six AD agents, the ego-vehicle target speed was fixed

at 14 km/h. For Autoware, which supports higher operating
speeds, we additionally evaluated ego speeds of 20, 30, and
40 km/h in the swerve scenarios, and 20, 25, 30, 35, and
40 km/h in the U-turn scenarios.

The U-turn experiments consist of two configurations: (1)
the ego vehicle traveling in the innermost lane (i.e., rightmost
lane under left-hand traffic and leftmost lane otherwise), and
(2) the ego vehicle traveling in the lane adjacent to the
innermost lane. For the swerve scenarios, the lateral velocity
of the oncoming vehicle was set to 1.0, 1.2, and 1.4 m/s,
corresponding to the most commonly observed values reported
in the JAMA standard [13]].

To account for non-determinism in simulation and Al com-
ponents, each concrete scenario was executed three times.
For each run, execution traces were collected and analyzed
to determine whether a collision occurred. For collision-free
runs, we further estimated the minimum TTC value from the
post-simulation execution traces. This TTC was computed at
each simulation frame under the assumption that both vehicles
continue with their instantaneous velocities. The minimum
TTC over the entire run serves as an indicator of how close to
a collision, thereby providing a quantitative measure of safety
margin even in the absence of an actual collision.

E. Results

Tables summarize the experimental results for the U-
turn scenarios, while Tables [V] and [VI] report the results for
the swerve scenarios. Recall that v, and v, are the speeds of
the ego and the oncoming vehicles (in km/h), v, the lateral
velocity of the NPC (in m/s), and d,,, the longitudinal distance
between the two vehicles when the maneuver starts (in m). A
check mark denotes non-collision, while a cross mark X
indicates a collision. For each collision-free run, the value in
parentheses reports the minimum TTC in seconds.

RQ1.1. Collisions were observed in both U-turn and swerve
scenarios across all evaluated systems. In total, 176 out of 426
runs resulted in collisions, showing that the proposed bench-
marks are effective at exposing unsafe behaviors. Notably,
Autoware, despite being a production-grade ADS, exhibited
a substantial number of safety weaknesses, particularly in
swerve scenarios and U-turn scenarios where the ego vehicle
traveled in the lane adjacent to the innermost lane. This
highlights the need for further systematic analysis and safety
improvement studies on Autoware, for which safety-focused
research remains limited compared to competing platforms
such as Baidu Apollo [27] (e.g., [26], [43[]-[47]).

RQ1.2. At the same time, for every scenario considered,
covering both U-turn and swerve maneuvers, and low to high
speeds, there existed at least one collision-free execution. For
example, Autoware consistently avoided collisions in scenarios
where the ego vehicle traveled in the innermost lane, while
shielded Autoware could do so in the swerve scenarios.
This empirical evidence confirms that scenarios classified
as collision-avoidable by the safety reference benchmarks
do admit collision-free behavior in practice, supporting the
soundness of the presented avoidability oracle.



TABLE II: Results of U-turn scenarios on Autoware and Shielded Autoware with ego speeds of 20-40 km/h. Experiments on
Shielded Autoware with ego traveling in the innermost lane were omitted, as the original Autoware behaved safely in these

scenarios.
Ego in innermost lane Ego in adjacent lane
No Collision (Min TTC) No Collision (Min TTC)
Vo Ve dgg Autoware Shielded Autoware Vo Ve dg, Autoware Shielded Autoware
20 17 (0.9 0.93 0.89) N/A 20 17 (0.51 0.52 0.91) (0.76 0.94 1.32)
25 21 (1.02 1.05 1.04) 25 21 X (0.29 0.32) (1.07 1.11 0.67)
10 30 26 (1.27 1.29 1.33) 10 30 25 XxX (1.15 1.08 1.18)
35 31 (1.49 1.32 1.47) 35 30 X X (0.31) (1.09 1.29 1.17)
40 35 (1.22 1.32 1.27) 40 35 XXX (1.19 1.55 1.07)
20 15 (0.93 0.92 0.93) 20 15 (0.79 0.8 0.79) (0.79 0.87 0.92)
25 18 (1.0 1.0 0.99) 25 19 (0.94 0.95 0.95) (0.89 0.96 0.95)
15 30 21 (1.05 1.05 1.05) 15 30 22 (0.95 0.95 0.97) (1.07 1.02 0.89)
35 24 (1.13 1.12 1.13) 35 26 (1.06 1.07 1.07) (1.16 1.12 1.18)
40 28 (1.16 1.16 1.16) 40 31 (1.14 1.17 0.83) (1.23 1.33 1.27)

TABLE III: Results of U-turn scenarios on Autoware, InterFuser, LAV, TransFuser, and Latent TransFuser with ego speed of
14 km/h.

No Collision (Min TTC)

Ve Lane v, dz, Autoware InterFuser LAV TransFuser Latent TransFuser
' L1012 (0.68 0.7 0.69) (0.66 0.62 0.65) (0.91 1.08 1.08) (0.7 0.69 0.72) (0.73 0.77 0.68)
14 onermost 5 10 (0.7 0.71 0.71) (1.02 0.77 1.03) (0.47 0.53 0.54) (1.03 0.79 0.81) (1.01 1.02 1.01)
adcent 1012 (04 041042) XXX XXX (0.97 0.95 0.96) X X X
acent 1510 (0.64 0.64 0.65) X X X XXX X (0.63 0.63) XXxx

TABLE IV: Results of U-turn scenarios on Late Fusion and
Geometric Fusion with ego speed of 14 km/h.

No Collision (Min TTC)

ve Lane w, dg, Late Fusion Geometric Fusion
: 10012 (0.83 0.79 0.78) (0.91 0.91 0.86)
» mermost 15 19 (1.03 0.81 1.03) (0.850.73 0.83)
Adincene 1012 XXX XXx
) 15 10 XXX XXX

RQ1: The benchmarks expose unsafe behaviors in Auto-
ware and multiple end-to-end learning-based agents, even
in scenarios classified as collision-avoidable. At the same
time, collision-free executions are observed in such sce-
narios for at least one system (e.g., shielded Autoware),
confirming that the avoidability classification is achievable
in practice rather than purely theoretical.

RQ2.1. In the U-turn scenarios, Autoware outperformed the
six end-to-end AD agents in terms of collision avoidance when
the ego vehicle traveled in the lane adjacent to the innermost
lane at a low speed of 14 km/h. When the ego vehicle traveled
in the innermost lane, this difference is no longer observed, as
all systems were able to avoid collisions. However, it should
be noted that the relatively low maximum speed limits of the
six AD agents may mask potential safety issues that could
arise at higher ego speeds.

In the swerve scenarios with the ego speed of 14 km/h, five
of the six AD agents failed to avoid collisions in all runs,

whereas the LAV agent consistently avoided collisions across
all 18 runs. Notably, LAV even outperformed Autoware, which
exhibited collisions in scenarios with low lateral swerve veloc-
ities. This performance advantage was reflected not only in the
number of collision-free runs but also in the higher minimum
TTC values observed in LAV’s collision-free executions.

RQ2.2. Integrating the controller safety shield completely
eliminated the collisions observed in all U-turn scenarios.
A similar effect was observed in the swerve scenarios with
an NPC speed of 10 km/h. For swerve scenarios with an
NPC speed of 15 km/h, a small number of collisions (three
runs) still occurred at high ego speeds; nevertheless, the
shield substantially reduced the overall number of collisions
compared to the unshielded system.

RQ2: When evaluated under the same reference bench-
marks, the production-grade Autoware system and end-to-
end learning-based agents exhibited distinct safety weak-
ness patterns, with neither consistently dominating across
all scenarios. Notably, Autoware did not always surpass
simpler learning-based agents in safety. Integrating a con-
troller safety shield into Autoware significantly reduced
collisions under the same scenarios.

\. J

RQ3. In the U-turn scenarios, while both Autoware and the
six AD agents could operate safely when the ego vehicle
traveled in the innermost lane, they generally struggled to
avoid collisions when the ego vehicle traveled in the adjacent
lane. This might be because when traveling in a non-innermost



TABLE V: Results of swerve scenarios on Autoware and six AD agents with ego speed of 14 km/h. Latent TF stands for

Latent TransFuser.

No Collision (Min TTC)

Ve Vo Uy dg, Autoware InterFuser LAV TransFuser Latent TF Late Fusion Geometric Fusion
1.0 18 XxX XXX (0.76 0.80 0.77) X X X XXX XXX XXX
10 12 17 (0.09 0.230.07) XXX (0.84 0.84 0.84) X X X XXX XXX XXX
14 14 15 (0.16 0.26 0.37) X X X (0.81 0.820.82) XXX XXX XXX XXX
1.0 23 X X (0.13) XXX (0.57 054 0.54) X XX XXX XXX XXX
15 12 20 (0.09 0.19 0.14) X X v/ (0.34) (0.550.550.57) XXX XXX XXX XXX
14 18 (0.19 0.24 0.26) X X X (049 057 0.54) X XX XXX XXX XXX
TABLE VI: Results of swerve scenarios on Autoware and Shielded Autoware with ego speeds of 14-40 km/h.
NPC speed (v,): 10 km/h NPC speed (v,): 15 km/h
No Collision (Min TTC) No Collision (Min TTC)
Ve vy dgp, Autoware Shielded Autoware Ve vy dz, Autoware Shielded Autoware
1.0 18 XxXx (0.13 0.84 1.23) 1.0 23 X X (0.13) (0.93 0.9 0.63)
14 12 17 (0.09 0.23 0.07) (0.51 1.12 1.28) 14 12 20 (0.09 0.19 0.14) (1.0 0.21 1.05)
14 15 (0.16 0.26 0.37) (0.2 1.39 1.17) 14 18 (0.19 0.24 0.26) (0.81 0.39 0.26)
1.0 23 Xxxx (0.32 1.44 1.92) 1.0 27 XxxXx (0.36 0.56 0.71)
20 1.2 20 X (0.02 0.02) (1.24 0.99 1.23) 20 12 23 XXX (0.7 0.66 1.01)
14 18 X (0.01 0.11) (0.95 0.92 1.11) 14 20 XxXx (0.44 0.43 0.47)
1.0 31 (0.06 0.11 0.09) (0.54 0.02 0.33) 1.0 35 Xxxx X (0.21 0.27)
30 1.2 27 (0.03 0.09 0.03) (0.42 0.36 0.67) 30 1.2 29 XXX (0.02 0.26 0.26)
14 24 (0.06 0.01 0.17) (0.74 0.1 0.39) 14 26 XxXx (0.22 0.35 0.23)
1.0 39 Xxxx (0.16 0.1 0.17) 1.0 43 XxxXx (0.38 0.43 0.28)
40 12 34 Xxx (0.37 0.21 0.37) 40 1.2 36 XXX X (0.24 0.28)
14 30 X (0.07 0.06) (0.22 0.03 0.30) 14 31 XxxXx X/ (0.08 0.09)

lane, the systems may pay less attention to the oncoming
vehicle during decision-making; while when the ego vehicle
travels in the innermost lane, where the oncoming vehicle is
geometrically closer and poses a more immediate threat, the
systems appear to respond more conservatively. In addition,
Autoware primarily exhibited weaknesses at high ego speeds.

The swerve scenarios were generally more challenging for
Autoware and for all learning-based agents except LAV. At
low ego speeds (e.g., 14 km/h), scenarios with low lateral
swerve velocities (1.0 m/s) were more problematic than those
with higher lateral velocities. This can be explained as under
a fixed speed, the higher the lateral velocity, the quicker the
oncoming vehicle swerves and returns to its original lane.
At higher ego speeds, Autoware increasingly struggled to
maintain safety. Note that even in scenarios where collisions
were avoided (e.g., ego/NPC speeds of 30/10 km/h), the
minimum TTC values were very low (< 0.1 s), indicating near-
collision situations. This observation was further validated by
the shielded Autoware, where collisions still occurred in three
runs at ego speeds of 30 and 40 km/h.

RQ3: Unsafe behaviors were observed more frequently in
swerve scenarios than in U-turn scenarios. They occurred
most often when the ego vehicle traveled in the lane
adjacent to the innermost lane in U-turn scenarios, in
swerve maneuvers with low lateral velocity, and in both
U-turn and swerve scenarios at higher ego speeds.

e

(b) 0.7 seconds prior to impact

=N

(a) 1.7 seconds prior to impact

Fig. 6: Visualization of a U-turn collision case illustrating
prediction errors: ego vehicle (green), perceived vehicle (blue),
and predicted path (orange) at 1.7 s and 0.7 s before impact.

Factors Contributing to Autoware Collisions: We analyzed
the post-simulation execution traces from Autoware collision
runs and found that perception inaccuracy could be a primary
factor leading to these collisions. The perception module
generally detected the NPC with fairly accurate positions as
the ego vehicle approached. However, the predicted travel
paths were often unrealistic, and both the estimated speeds and
shapes were underestimated until the ego was very close. For
instance, in the U-turn collision case with the ego and NPC
speeds of 35 km/h and 10 km/h, respectively, the predicted
path 1.7 seconds prior to impact lacked a U-turn shape,
but instead followed a diagonal trajectory crossing multiple
lanes and eventually leaving the road. This prediction was only
corrected 1 second later (i.e., 0.7 seconds before the collision).
The situation is illustrated in Fig. [6]

This behavior contrasts with the cut-in, cut-out, and de-



celeration scenarios examined in prior work [16], where the
NPC traveled in the same direction as the ego vehicle. In
those cases, Autoware at least was able to predict the general
direction of motion correctly. The oncoming traffic scenarios
studied in this work reveal a more fundamental limitation:
Autoware failed to recognize the traveling intent of oncoming
vehicles until the last moment. A similar issue was observed in
the shape estimation: until the final 1-2 seconds before impact,
the perceived object shape did not conform to a realistic
vehicle shape (box), and the perceived size was smaller than
the true vehicle dimensions. Additional illustrations for the
swerve scenarios and further discussion are provided in [23]].

FE. Threats to Validity

1) Internal Validity: The experiments are inherently subject
to non-determinism arising from multiple sources, including
the simulators, middleware communication between simula-
tors and ADSs, and stochastic components in learning-based
models. Such non-determinism may lead to variability across
runs. To mitigate this threat, we executed each scenario three
times and reported the results.

The collision-avoidability classification depends on the as-
sumptions of the reference driver model, including reaction
times and braking capability. In practice, human drivers exhibit
variability in these factors, and different parameter choices
may shift the boundary between avoidable and unavoidable
collisions. In this work, the parameters are chosen to represent
a reasonably attentive driver with good braking capability,
and so the benchmark should be interpreted as evaluating
avoidability under this baseline model rather than capturing the
full range of possible human driving behaviors. Exploring the
sensitivity of the avoidability boundary to alternative reference
models or parameter ranges is left for future work.

Another potential threat arises from the long-running exe-
cution of Autoware, AWSIM-Labs, and CARLA, which may
occasionally exhibit instability in these systems. To address
this, we carefully monitored each run and restarted the simu-
lation whenever abnormal behaviors were observed, ensuring
that the reported collisions were not caused by system-level
failures.

2) External Validity: All experiments were conducted in
simulated environments (AWSIM-Labs and CARLA), which
may not fully capture the complexities of real-world driving
conditions. In addition, the benchmark focuses on two safety-
critical scenario classes, which, while representative and mo-
tivated by safety standards, do not cover the full diversity
of real-world traffic situations. We emphasize, however, that
the underlying methodology is inherently extensible; the same
framework can be applied to a broader range of scenario
classes by defining the corresponding reference driver models
and scenario-specific parameterizations.

Another external validity threat concerns the use of sim-
plified vehicle and behavior models, e.g., fixed swerving
trajectories and constant vehicle speeds. We note that these
abstractions follow the JAMA’s methodology [13[], which
systematically decomposes the driving condition space to

enable manageable scenario-based evaluation. Nevertheless,
real-world deviations from these assumptions may lead to
different avoidability outcomes, and thus, the results should
be interpreted within the scope of the modeled conditions.

VI. CONCLUSION

This paper presented safety reference benchmarks for
safety-critical oncoming traffic scenarios and demonstrated
their effectiveness in evaluating ADSs. The benchmarks
formally characterize collision avoidability and delineate
clear boundaries between collision-avoidable and collision-
unavoidable scenarios in the scenario space. Within the sce-
nario set defined by the benchmarks, safety-critical scenarios
can be systematically identified, enabling the construction of
highly challenging scenarios for safety evaluation and testing
ADSs.

Using these benchmarks, extensive simulation-based exper-
iments revealed safety weaknesses not only in end-to-end
learning-based agents, but also in a production-grade modular
ADS—Autoware—highlighting the need for safety improve-
ment. The experimental results confirm that the benchmarks
provide a sound and practical basis for comparative safety
evaluation across different ADS implementations. They also
yield several valuable insights: a modular, production-grade
ADS (Autoware) does not always outperform simpler end-to-
end agents (e.g., LAV) in terms of safety; swerve scenarios
are generally more challenging than U-turn scenarios; and
integrating a controller safety shield can substantially improve
Autoware’s safety performance.

This study highlights the value of benchmark-driven safety
evaluation for systematic ADS comparison and for guiding
the development of safer, more reliable ADSs. Although this
work focuses on two representative classes of oncoming traffic
scenarios, the underlying framework is general and not limited
to these specific cases. The process of formalizing traffic
participant behaviors, identifying relevant parameters, and
applying a reference model to establish avoidability bound-
aries can likewise be transferred to other scenario categories.
Expanding the benchmark to cover a broader set of scenarios
is an important direction for future work.
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