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Abstract

To ensure the safety of vehicles and occupants under failures or functional limitations of
ego vehicles, a minimum risk maneuver (MRM) has been proposed as a key automated
driving system (ADS) function. However, executing an MRM may pose certain potential
risks when sensor failures occur. This study proposed an MRM strategy designed to
enhance highway-driving safety during MRM execution under multiple sensor-failure
conditions. A hazard and operability study analysis, based on an ADS behavior model, is
conducted to systematically identify hazards, determine potential hazardous events, and
categorize the associated safety risks arising from sensor failures. Within the proposed
strategy, virtual objects are generated to account for potential hazards and support risk
assessments. Adaptive MRM behavior is determined in real time by analyzing surrounding
objects and evaluating time-to-collision and time headway. The strategy is verified by
using a MATLAB-CARLA co-simulation environment across three representative highway
scenarios with combined sensor failures. The result demonstrates that the proposed MRM
strategy can mitigate collision risk in hazardous scenarios while effectively leveraging the
remaining functional sensors to guide the ego vehicle toward an appropriate minimum
risk condition during MRM execution.

Keywords: automated driving system; minimum risk maneuver; vehicle safety; hazard
and operability study; sensor failure; model-based systems engineering

1. Introduction
1.1. Background

Automated driving systems (ADSs) are among the most transformative innovations
in modern transportation, with the potential to reduce traffic accidents, improve road
efficiency, and enhance user comfort. According to the SAE J3016 taxonomy, automated
driving levels range from 0 (no automation) to 5 (full automation). An ADS is defined as a
system capable of performing the entire dynamic driving task (DDT) on a sustained basis,
applicable to Levels 3 (conditional automation) to 5 only within a predefined operational
design domain (ODD) [1].

At Level 4 and Level 5, the ADS is solely responsible for initiating a minimum risk
maneuver(MRM) to bring the vehicle to a safe state when it can no longer operate safely.
For a Level 3 ADS, although a driver is expected to respond to a takeover request, the ADS
must also be capable of executing an MRM if the driver fails to respond [1-6].

The concept of an MRM is central to safe fallback strategies for ADSs. SAE J3016
defines a minimum risk condition (MRC) as a “stable, stopped condition” but does not
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explicitly define MRM, instead implying its necessity through the fallback process [1].
Additional guidance on fallback behavior appears in ISO 26262 [2], the Safety First for
Automated Driving (SFFAD) white paper [3], the UN-ECE regulation on Automated Lane-
keeping Systems (ALKS) [4], and EU Implementing Regulation (EU) 2022/1426 [5]. ISO
26262 does not use the term “MRM,” but it describes transitions to safe states under system
failures. SFFAD introduces categories such as safe stop and emergency stop, broadening
the MRC concept beyond a full halt to include transitional or operator-assisted states.
To address degraded situations explicitly, the UN-ECE ALKS regulation introduces an
emergency MRM, which requires bringing the vehicle to a controlled stop in its current lane,
with deceleration up to or exceeding 4 m/s?> when necessary for safety. EU Implementing
Regulation (EU) 2022/1426 states that when failures affect braking or steering performance,
an MRM should be executed with consideration of the remaining vehicle performance [5].

ISO 23793-1:2024 [6] provides one of the most comprehensive formal definitions of
an MRM, describing it as a “coordinated combination of lateral and longitudinal driving
actions executed by an ADS under degraded conditions.” The standard distinguishes
MRMs from emergency braking or comfort stops by requiring them to be repeatable,
verifiable, and interoperable. It classifies MRMs into three types:

e  Type 1: Straight Stop (longitudinal deceleration only);
e Type 2: In-lane Stop (combined longitudinal and lateral control);
e  Type 3: Road-shoulder Stop (lane change to exit traffic).

To simplify decision-making under degraded conditions, MRM selection is designed
to follow a conservative sequence (e.g., preferring Type 3 before Type 2), generally avoiding
transitions to more complex maneuvers. This structured approach underscores MRM as
not merely a reactive safety measure but a context-aware, standards-compliant function
critical to fail-operational ADS design.

Overall, existing standards provide an essential foundation for defining the roles
and requirements of MRMs, yet they leave substantial room for implementation-level
design and adaptive control strategies. This gap becomes particularly critical under sensor
failures, where MRM execution must rely on uncertain perception and the effective use of
remaining functional sensors. This motivates the need for a MRM strategy that explicitly
accounts for multi-sensor failure scenarios, perception blind areas, and conservative safety
decision-making during highway driving.

1.2. Previous Research

While existing standards provide high-level definitions and classifications of an MRM,
their practical implementation remains an active research area.

Gyllenhammar et al. [7] proposed a theoretical safety framework that reinterprets
the MRC as a strategic decision in a Level 4 ADS, introducing hierarchical MRC levels
based on the environmental context and temporal constraints. Balakrishnan [8] developed
a Level 3-oriented MRM implementation framework, distinguishing between normal and
emergency MRMs and integrating functional safety concepts, hazard analysis, subsystem
redundancy, and validation mechanisms.

Human-machine interface (HMI) design has also been investigated to support MRM
communication. Schindler et al. [9] and Karakaya et al. [10] demonstrated that both
external HMI (eHMI) and driver-focused HMI (dHMI)—such as directional lights and
head-up displays—can enhance situational awareness and reduce driver response times.
Nagayoshi et al. [11] and Hub et al. [12] further showed that synchronized audiovisual
alerts and cooperative intent signaling improve the safety and predictability of MRMs in
mixed-traffic scenarios.
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Regarding motion planning, Tong et al. [13] proposed a unified planner capable
of handling both nominal driving and MRM using search-based strategies and hybrid
trajectory generation. Vu et al. [14] extended this approach to multi-agent scenarios,
introducing global vs. local MRCs and collaborative MRMs to enable coordinated
vehicle responses.

Additional studies have focused on fallback strategies aligned with MRM safety
objectives. Svensson et al. [15] formulated the safe-stop problem as an optimal control task
and proposed a trajectory-library approach supported by a safety monitor. Xue et al. [16]
addressed sensor failures by introducing a virtual lead vehicle and model-predictive control
for safe deceleration and lane changes. Wang et al. [17] developed a real-time trajectory
planner combining a hybrid A* algorithm with space-time velocity optimization to manage
both static and dynamic obstacles.

1.3. Gaps and Challenges

Despite growing research on MRM motion planning and decision-making, the impact
of degraded perception due to sensor failures remains underexplored. In particular, few
studies address how MRM strategies should adapt under partial sensor loss or uncertain
environmental perception.

Xue et al. [16] proposed a fallback strategy for front-sensor failure using a virtual
lead vehicle, but their model assumes fully functional side and rear sensors and does not
account for broader or dynamic sensor failure. Similarly, Vu et al. [14] considered sensor
failure through cooperative MRMs supported by surrounding autonomous vehicles, yet
their approach relies heavily on vehicle-to-vehicle communication and precise localization,
which may be infeasible in degraded infrastructure scenarios.

These gaps highlight two critical research challenges:

1.  Systematically investigating how different types and locations of sensor failures affect
MRM behavior and the associated safety risks;

2. Developing decision-making strategies that optimize MRM execution while account-
ing for risks arising from sensor failures and the dynamic safety conditions of the
surrounding environment.

1.4. Objectives and Contributions

To address the identified research gaps, this study proposes an MRM strategy for
Level 3 and Level 4 ADSs in highway-driving scenarios to enhance system safety. The
strategy is designed to mitigate the risk of hazardous events during MRM execution,
particularly under various sensor-failure conditions, thereby improving the safety of both
the ego vehicle and its surrounding environment.

This study makes the following key contributions to advancing MRM for ADS under
sensor-failure conditions:

1. A systematic hazard identification and classification for MRM execution under
sensor failures.
The study identifies hazards and potential hazardous events that may arise during
MRM execution under various sensor-failure conditions and systematically catego-
rizes them into distinct hazard types.

2. Anadaptive MRM decision strategy that effectively leverages remaining functional
sensors under multiple sensor-failure scenarios.
The proposed strategy addresses the challenge of optimal MRM decision-making
under multiple sensor-failure scenarios by enabling context-aware decisions based on
perceptual information using the remaining functional sensors, thereby enhancing
safety for both the ego vehicle and surrounding traffic participants.
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Together, these contributions provide a practical and extensible methodology for
enabling resilient MRM execution in real-world highway deployments of Level 3 and
Level 4 ADSs.

In Section 2, a hazard and operability study (HAZOP) analysis is performed on a
behavior model of the ADS to evaluate the impact of sensor failures. This analysis identifies
relevant hazards and potential hazardous events and systematically assesses the associated
risks related to MRM behavior.

Section 3 presents the complete proposed MRM strategy, including a perception
compensation method tailored to sensor-failure conditions and adaptive decision-making
for MRM behavior based on time-to-collision (TTC), time headway (THW), and current
sensor status.

In Section 4, the proposed strategy is validated through simulations under three
sensor-failure scenarios, demonstrating its feasibility and safety benefits.

2. HAZOP Analysis of Sensor Failure on MRM Behavior
2.1. ADS Behavior Model

To analyze the impact of various sensor-failure conditions on MRM execution, this
study constructs a behavior model of the ADS task “Perform the DDT on highway” using
the Systems Modeling Language (SysML) with CATIA Magic Systems of Systems Architect
2024x Refresh?, as illustrated in Figure 1 [18,19]. In SysML, an activity formally describes
behavior by specifying the transformation of inputs into outputs through a controlled
sequence of actions. The activity diagram provides the primary representation for modeling
flow-based behavior and is analogous to the functional flow diagrams commonly used in
systems engineering [20,21].

| act [Activity] Perform dynamic driving task on high way[ Perform dynamic driving task on high way ])

in traffic participants

in physical infrastructure

in environment condition >

in ego vehicle state

—_—

perceived inform...

= - : Analyze driving
. Perceive context related
external > oDD

environment

th H '
\v  DDT execution information

context information

: Synthesize
& decide DDT

intergrated DDT information

: Interact with |
driver

= outintegrated DDT information |

e in driver's behavior and state |

X .

T monitored driver's behavior and state
target trajectory \L

: Realize DDT

ego vehicle state
\l/ DDT command

out DDT cmd

Figure 1. Behavior of ADS “Perform dynamic driving task on highway”.

This behavior model forms the basis for the subsequent HAZOP analysis, which
focuses on sensor-failure scenarios.
As shown in Figure 1, the behavior model is structured into five primary actions:

(1)  Perceive external environment,
(2) Analyze driving context related to ODD,
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in external

(8) Synthesize and decide DDT,
(4) Realize DDT,
(5) Interact with driver.

The first action, Perceive external environment, is essential for acquiring both ego-state
information (e.g., velocity, acceleration, steering angle) and external inputs, including
environmental conditions (e.g., weather), traffic participants (surrounding vehicles and
obstacles), and physical infrastructure (e.g., signals, lane markings, and road shoulders).

The second action, Analyze driving context relative to the ODD, interprets the per-
ceived information to determine whether current driving conditions fall within the
predefined ODD.

The Synthesize & decide the DDT action builds on the contextual understanding obtained
from the previous step. Here, the ADS performs mission planning by integrating the current
driving context with navigation objectives and operational constraints. This involves
evaluating the positions, relative distances, and velocities of surrounding traffic participants
to enable safe, context-aware planning. Multiple candidate driving tasks are generated,
and the most suitable one is selected based on situational analysis.

Following task selection, the ADS conducts path planning and generates a target
trajectory for the Realize DDT action. In this step, the Realize DDT action, the target
trajectory with the current ego-vehicle state to produce executable control commands
for acceleration, braking, and steering. These commands are transmitted to the vehicle
actuators to physically realize the selected driving task, achieving closed-loop execution of
the DDT.

The Interact with Driver action manages information exchange between the ADS and
the human driver, presenting the current state of automated driving. This function is critical
for initiating takeover requests, prompting the driver to resume control when the ADS
determines that continued automated operation is unsafe. The execution of MRMs is also
coordinated through these interactions.

The behaviors of individual sensors—light detection and ranging (LiDAR), Radar, and
camera—are structured as internal function flows within the Perceive external environment
action, as illustrated in Figure 2.

act [Activity] Perceive external environment| Perceive external environment | ‘

inform ation

data sensed by camera

Capture image and
detect visual features

data sensed by lidar
Generate point cloud
| and extract 3D objects

Measure relative
= distance and velocity

data sensed by radar

sensed data

Perform data
processing &
sensor fusion

processed data

Detect &
recognize objects
and phy sical -
infrastructure

object detection information

———= out perceived information
|

Predict
object &
event

Track

object

[‘ ego vehicle location

.| Estimate ego

vehicle
location

X

ego vehicle state

Figure 2. Activity diagram of Perceive external environment action.

Although Global Navigation Satellite System (GNSS) is commonly used in automated
driving for perception and localization, it relies on external signals and is limited in envi-
ronments with poor connectivity (e.g., tunnels, urban canyons). Consequently, GNSS-based
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modules are excluded from this model to focus on LiDAR, radar, and cameras—the core
onboard sensors of ADSs:

e  Camera: It captures visual scenes and detects semantic features, including traffic signs,
lane markings, and boundaries of traffic participants.

e LiDAR: It generates high-resolution three-dimensional (3D) point clouds and extracts
geometrical information to construct spatial maps and detect 3D objects.

e Radar: It measures the relative distance and velocity of the surrounding traffic par-
ticipants, providing robust motion data under low-visibility conditions such as fog
or darkness.

The data from these three sensor modalities are processed in the Perform data processing
and sensor fusion action, where multi-sensor information is temporally and spatially aligned.
Sensor fusion leverages the complementary strengths of each sensor to enhance perception
performance, enabling the ADS to detect and recognize surrounding traffic participants
(e.g., vehicles and static obstacles) and physical infrastructure (e.g., signals, road markings,
and road shoulders), as well as to estimate the ego vehicle’s location.

Traffic participants are further tracked over time, allowing the ADS to anticipate
potential events and, in certain scenarios, perform behavior analysis and prediction. Sensor
failures can compromise the detection of critical information, thereby reducing the accuracy
and reliability of subsequent activities that depend on these inputs.

2.2. Summary of Sensor Capabilities

To further examine the contributions of the three sensor types shown in Figure 2,
a planar sensor placement model is constructed to illustrate how 360° perception is achieved
by the ADS. In this study, the configuration depicted in Figure 3 is adopted, in which the
ego vehicle is equipped with one LiDAR, eight Radars (one long-range, two mid-range,
and five short-range), and four cameras. Table 1 summarizes the properties of each sensor,
including horizontal field of view (HFOV), sensing range, and, for LIDAR and Radar, the
accuracy of relative distance and velocity measurements [22-27].

LIDAR 360 Coverage (1) LIDAR

Wide Forward Short Range
Camera (11) Radar (3)

Long Range
Radar (2)

Short Range
Radar (4)
Main Forward
Camera (10) Short Range
Radar (5)

Radar

Camera

Short Range
Radar (6)

Side Camera (12)

Side Camera (13)

Short Range
Radar (7)

Figure 3. Sensor configuration.

https://doi.org/10.3390/systems14010087


https://doi.org/10.3390/systems14010087

Systems 2026, 14, 87

7 of 25

Table 1. Overview of sensor capabilities.

Main Wide
Long- Short- Short- Short- Short- Short- Medium- Medium- For- For- Side Side

LiDAR Range Range Range Range Range Range Range Range ward ward Cam- Cam-

1) Radar Radar Radar Radar Radar Radar Radar Radar Cam- Cam- era era

2 (3) @ (5) (6) ) ®) () era era (12) (13)
(100 1y
HFOV 360° 40° 50° 50° 50° 50° 50° 50° 50° 50°  150° 150°  150°
. 0- 0- 0- 0- 0- 0- 0-
Sensing range (m) 0-200 200 0-20 0-20 20 20 0-20 0-80 0-80 200 50 50 50
Distance accuracy (m) +0.05 +1~3 +£024 4024 +024 +024 £0.24 +0.4 +0.4
Velocity accuracy (km/h) +3 +27 +10 *1.0 +£10 £1.0 *1.0 +2.0 +2.0
Lane markings N N N N N N N N N Y Y N N
Classification Y N N N N N N N N Y Y Y N
Road Relative
shoulder  distance and Y Y Y N N Y N Y N N N N N
velocity
In-lane Classification N N N N N N N N N Y Y N N
fron't Relative
traffic distance and Y Y Y Y Y N N N N N N N N
participant velocity
Classification N N N N N N N N N N N N N
In-lane rear
traffic Relative
participant distance and Y N N N N N N Y Y N N N N
velocity
Classification N N N N N N N N N Y Y Y N
Right-lane
traffic Relative
participant distance and Y Y Y Y N Y N Y N N N N N
velocity
Classification N N N N N N N N N Y Y N Y
Left-lane
traffic Relative
participant distance and Y Y N Y Y N Y N Y N N N N
velocity

Note: Y indicates “available”, and N indicates “not available”.

Based on the behavior model and MRM requirements outlined in relevant
standards [3,6], the minimal set of information required for MRM execution is extracted
from the “perceived information” output of the Perceive external environment action. Table 1
indicates each sensor’s ability to provide the corresponding information as “Y” (available)
or “N” (not available), based on its functional capabilities and mounting position shown in
Figure 3.

While LiDAR is primarily used for high-resolution 3D mapping and distance estima-
tion, its function in this study is extended to approximate relative velocity by tracking the
displacement of traffic participants across consecutive time steps [22]. This assumption
enhances sensor utility, particularly for obstacle detection and surface recognition.

s

The information required for MRM execution includes “traffic participants,” “road
markings,” and “road shoulders.”

For “traffic participants,” dynamic and static vehicles or obstacles in the current lane
(front and rear) and adjacent lanes (left and right) are considered, as they are most relevant
to MRM decision-making. For each participant, the classification, relative distance, and
relative velocity with respect to the ego vehicle are extracted.

Since traffic participants are categorized by their lane-relative positions (in-lane, left-
lane, right-lane), a “Y” indicates that the corresponding sensor can potentially acquire this
information. The specific sensor detecting a given traffic participant depends on its relative
position to the ego vehicle and the sensor coverage illustrated in Figure 3.
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“Road markings,” extracted from physical infrastructure, play a critical role in MRM
scenarios involving lane keeping and lane changes. Lane markings are first detected during
the Perceive external environment action and then utilized in the Synthesize & decide DDT
action for trajectory planning. For lane keeping, they ensure alignment with the current
lane center. For lane changes, lane markings are used in the Analyze driving context related to
ODD action to identify the current and target lanes and subsequently generate a feasible
lane-change trajectory in the Synthesize & decide DDT action.

Information about the road shoulder is also required when the ADS executes a lane
change toward the road shoulder during MRM execution. The system must assess its suit-
ability by recognizing shoulder boundaries and detecting potential barriers (e.g., guardrails,
walls), along with their relative distance and velocity with respect to the ego vehicle.

2.3. HAZOP Analysis

Based on the behavior model and sensor capability analysis in Sections 2.1 and 2.2,
a HAZOP analysis is conducted. Rather than analyzing sensor failures at the individual
sensor level, the HAZOP analysis adopts an information-level perspective. Multiple sensors
may contribute to the same perceptual function required for MRM execution, such as lane
markings, road shoulder, or surrounding traffic participants. Therefore, combinations of
sensor failures are analyzed based on their cumulative impact on the availability of these
minimal information elements, rather than on isolated sensor faults.

In this analysis, sensor failure is defined as a complete loss of function, meaning that
no data can be obtained from the sensor. The assumed environment is a highway scenario
conforming to international design standards, with the road shoulder on the right.

The analysis evaluates how sensor failures impact the minimal set of information
required for MRM execution—lane markings, road shoulder, and traffic participants—using
the HAZOP guide words “No” and “Part of.” The “No” category represents scenarios in
which all relevant sensors fail, making the information entirely unavailable. The “Part
of” category addresses partial information loss due to the failure of one among multiple
contributing sensors [8,28].

As shown in Table 2, the identified hazards are further analyzed to determine potential
hazardous events. The term “risk” in this analysis is used in a qualitative sense to describe
the exposure to potential events and consequences and is not intended to represent the
associated likelihood of occurrence [28].

Each hazard is qualitatively categorized into three types (H1, H2, H3) based on its
potential risk to MRM behavior:

e Hazard Type 1 (H1): The risk associated with lateral control during lane changes.
Depending on the type of sensor failure, the lane change may involve only the left
lane, only the right lane, or both.

e  Hazard Type 2 (H2): The risk associated with lateral control during both lane changes
and lane keeping.

e  Hazard Type 3 (H3): The risk associated with longitudinal control.

H1 and H2 pertain to lateral control, while H3 concerns longitudinal control. In cases
of multiple simultaneous sensor failures, combined risks may occur, such as H1 with H3 or
H2 with H3.

In “Part of” cases, the impact of individual sensor failures (LiDAR and Radar) on
traffic participant detection is analyzed separately. Failures limited to cameras, which may
only impair traffic participant classification, are not considered hazardous events for MRM
execution and are therefore excluded from the analysis. For combined failures of LIDAR
and Radar affecting a traffic participant, the corresponding hazardous event and Hazard
Type defined under the “No” category can be directly applied.
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Table 2. Results of HAZOP Analysis on the Impact of Sensor Failures on MRM Execution.

Guide Words Hazard

Potential Hazardous Events

Hazard Type

Loss of lane marking
detection

Unintended lateral deviation
due to lane marking detection
failure, potentially causing lane
departure or road exit as well as
posing a high safety risk to the
ego vehicle and surrounding
traffic.

H2

Loss of road-shoulder
detection

Causing misestimation of
drivable boundaries and
stopping zones, potentially
leading to unsafe stops or
collisions with roadside barriers
as well as posing a high safety
risk to the ego vehicle and
surrounding traffic during
right-lane change to the
shoulder.

H1

No Loss of in-lane front
traffic participants detection

When a static obstacle is ahead
or a vehicle brakes suddenly,
failure of the ADS to perceive
the event and decelerate
properly may result in a rear-end
collision.

H3

Loss of in-lane rear
traffic participant detection

When a following vehicle fails to
decelerate in response to ego
braking, failure of the ADS to
detect this behavior and adjust
longitudinal control may result
in a collision.

H3

Loss of right-lane
traffic participant detection

When a vehicle or obstacle is
present in the right lane, ADS
failure to detect it may lead to an
incorrect right-lane change
decision and result in a collision.

H1

Loss of left-lane
traffic participant detection

When a vehicle or obstacle is
present in the left lane, ADS
failure to detect it may lead to an
incorrect left-lane change
decision and result in a collision.

H1

Incomplete
measurement of
relative distance and
velocity
(LiDAR failure)

Traffic participants:

When a vehicle is present in the
ego or adjacent lane, ADS errors
in estimating its relative velocity
may lead to incorrect
longitudinal and lateral control,
resulting in a potential collision.

H1/H3

Part of
Incomplete

measurement of
relative distance and
velocity
(Radar failure)

When a vehicle is present in the
ego or adjacent lane, ADS errors
in estimating its relative distance
and orientation may lead to
incorrect longitudinal and lateral
control, resulting in a potential
collision.

H1/H3

By referencing Figure 3, Tables 1 and 2, the hazards associated with any combination
of sensor failures can be identified. The final risk to MRM behavior is then evaluated based
on the cumulative impact of the corresponding hazard types.
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2.4. Discussion of the HAZOP Analysis Results

The HAZOP analysis in this section systematically identifies hazards arising from
various sensor-failure combinations in highway-driving ADS. As characterized in IEC
61882, HAZQOP is inherently a qualitative, guide-word-based method for systematic hazard
identification and is therefore applied in this work at a structural level to identify hazardous
situations. It is not intended to model dynamic or non-linear system behaviors [28].

For multiple sensor failures, Tables 1 and 2 are used to determine which information
becomes unavailable and how these losses correspond to potential risks during MRM
execution. Hazards are classified into three types (H1, H2, H3), representing risks associated
with lateral and longitudinal control.

Based on the analysis, the following considerations are derived for camera failures:

e  Front-side camera failure: Prevents detection of lane markings, compromising lat-
eral control. Consequently, both lane-keeping and lane-change maneuvers are not
recommended during MRM execution.

e  Right-side camera failure: Impairs assessment of road-shoulder usability. Therefore,
rightward lane changes targeting the shoulder should be avoided.

For traffic participant detection, which primarily relies on both LiDAR and Radar,
sensor failures can significantly compromise MRM execution:

e  Failure of either LIDAR or Radar: Detection must rely solely on the remaining sensor,
often resulting in substantial errors in estimating relative distance and velocity (as
summarized in Table 1), potentially leading to unsafe control decisions.

e Simultaneous failure of both LiDAR and Radar: This creates a blind area in which
traffic participants cannot be perceived. If a participant is present, the ADS lacks
critical distance and velocity information, increasing the risk of hazardous decisions
during MRM execution.

Considering these hazardous events and the three hazard types categorized in Table 2,
the following section proposes a strategy to mitigate such incidents and reduce risks
associated with MRM execution under sensor-failure conditions.

3. MRM Strategy
3.1. Activity Diagram

To address the challenges identified in Section 2, this section presents an MRM strategy
designed to mitigate potential hazards arising from sensor failures. The activity of the
proposed MRM strategy is illustrated in Figure 4.

The MRM strategy is implemented as part of the Synthesize & decide DDT action in
the ADS behavior model, as described in Section 2. It functions as a response mechanism
activated when the ADS determines that an MRM must be executed under sensor-failure
conditions. Compared to the original activity, this strategy incorporates an additional input,
“sensor condition,” which conveys the status of each sensor, including the capabilities listed
in Table 1 and the current availability or failure of each sensor.

https://doi.org/10.3390/systems14010087
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in senser

in ego vehicle state

in driving context | —.
act [Activity] Determine the MRM Action based on risk assessment [ Determine the MRM Action based on risk | —

driving context

Determine the
perceivable area
and blind area

condition : E‘

sensor status

surrounding
objects and
estimate

ego vehicle data TTCITHW

obtained data

Identify the

lane markings and road shoulder detection status

Derive the
relative distance
and velocity

Generate the
virtual object

.

i
: Determine the MRM
action

th

: MRM action command
Generate maneuver ‘
command

‘\I'/‘ maneuver command

} out MRM action command ‘

Figure 4. MRM strategy: activity diagram of the Determine MRM action based on risk assessment.

3.2. Actions in the MRM Strategy

The proposed MRM strategy consists of six main actions:

SR

Generate the virtual object,
Identify the surrounding objects and estimate TTC/THW,
Determine the MRM action, and
Generate maneuver command.

Determine the perceivable and blind area,
Derive the relative distance and velocity,

Each action is described in detail in the following subsections.

3.2.1. Determine the Perceivable Area and Blind Area

Based on the sensor condition, the perceivable area and blind zones are determined
in the two-dimensional (2D) Cartesian vehicle coordinate system shown in Figure 5. Each
sensor S; has a predefined mounting position (x;,y;), as illustrated in Figure 3 (i € [1,9],
corresponding to the sensor numbering in the figure).

Example: Radar S; is active (i€ [2,9])

Example: LiDAR S; and Radar S; fail (i € [2,9])

Figure 5. Examples of a 2D Cartesian vehicle coordinate system for (a) perceivable areas when S; is
active and (b) blind areas when both LiDAR S; and Radar S; (i € [2,9]) fail.
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A polar coordinate frame is defined at each sensor’s mounting location. For each
sensor S;, the HFOV and range (R;) are defined according to Table 1, and the angular
coverage [07"",67"%] is determined based on its HFOV and orientation relative to the ego
vehicle’s heading.

If sensor S; is active (S; € Syctive), its perceivable area in the coordinate system is
defined as follows:

\/(x —x)?+ (- vi)* <Ry,

; . Si € Sactive (1)
—1(Y—Yi
Glmzn < tan (xfxi) < 9;11119(

CSZ‘ = (X, 3/)

When the LiDAR sensor S; and any one or more of the Radar sensors S; (i € [2,9]) fail
simultaneously, the resulting blind area can be defined as follows:

X — X

Fs, = {(x,y)

where Sy, denotes the set of failed Radar sensors.

3.2.2. Derive the Relative Distance and Velocity

The sensing data from the remaining functional sensors is evaluated by comparing
each traffic participant’s position with the perceivable area Cs,. This determines whether
a traffic participant is detected by both sensor types—LiDAR and Radar—or by only
one type.

If a participant is detected by only one sensor type, it is considered to have potential
perception errors. The relative distance and velocity of such an object are computed as

dn(t) = dn(t) — & 571(0 = vn(t) — & 3)

where ¢; , and ¢; ;, are the positive distance and velocity errors associated with sensor S;, as
specified in Table 1. To account for worst-case risk, the relative distance and velocity are
reduced by applying the corresponding sensor errors.

3.2.3. Generate Virtual Object

When a blind area Fs, is present, a virtual object is generated within the corresponding
lane segment covered by the blind area, as illustrated in Figure 6.
The virtual object generated in each relevant lane is defined as follows:

e  Right/left lanes: The virtual object is assumed to move in the same direction and at
the same speed as the ego vehicle, resulting in zero relative velocity.

e In-lane front: The virtual object is positioned at the last recorded location of the front
vehicle or obstacle prior to sensor failure, with velocity set to zero. If no front vehicle
was previously detected, the object is placed 200 m ahead of the ego vehicle.

e In-lane rear: The virtual object is positioned at the last recorded location of the rear
vehicle prior to sensor failure, with velocity set to the lane’s maximum speed limit. If
no rear vehicle was detected, it is placed 80 m behind the ego vehicle.
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Blind
area
’ virtual object (right lane),
ego vehicle (AV) Vyirtual = Vego

(2)

ego vehicle virtual object (in-lane front),

(AV)

The last recorded location of
the front vehicle prior to
sensor failure

@ . @

Front vehicle

Vyirtual = 0 M/S

(b)

Rear vehicle

Initial location: the last recorded location
of the rear vehicle prior to sensor failure

Blind

area

virtual object (in-lane rear), ego vehicle
Vyirtual = the maximum speed limit of the lane Y,

(©)

Figure 6. Generation of virtual objects (a) in the right lane, (b) in front of the current lane, and
(c) behind the current lane.

The parameters of the virtual objects are determined based on conservative worst-case
assumptions corresponding to each sensor-failure scenario. As illustrated in Figure 6,
the virtual objects are not intended to represent specific real traffic participants but to
characterize potentially hazardous regions within perception blind areas.

In case (a), the virtual object is defined only by its longitudinal extent within the
affected lane and its velocity, representing the maximum possible vehicle length that could
be present in the blind area from the perspective of the ego vehicle. For the front-lane
scenario in case (b), the position and velocity of the virtual object are considered to reflect
situations in which a preceding vehicle may suddenly decelerate, or an unexpected obstacle
may appear immediately after sensor failure. When no front object is detected prior to
failure, a stationary virtual object is placed 200 m ahead of the ego vehicle, corresponding
to the maximum reliable detection range of the front sensor and representing a conservative
assumption that a hazardous obstacle may exist just beyond the perception limit. For the
rear-lane scenario in case (c), the virtual object is configured to represent a following vehicle
whose driver reacts slowly and does not provide sufficient deceleration margin for the
ego vehicle.

In the current implementation, the virtual object model focuses on longitudinal dis-
tance, relative velocity, and lane association (ego, left, or right lane). Lateral dimensions
and object width are not explicitly considered, as the objective at this stage is to capture
conservative longitudinal and lane-change-related collision risk under sensor failure, rather
than detailed object geometry.
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3.2.4. Identify the Surrounding Objects and Estimate TTC/THW

This action identifies the surrounding objects critical for the ego vehicle’s current

MRM decision-making, including both sensed traffic participants and generated virtual

objects. In this study, six closest surrounding objects are considered relevant: the in-lane

front object, in-lane rear object, right-lane front object, right-lane rear object, left-lane front

object, and left-lane rear object.

Each object may be either a real object with derived relative distance and velocity or a
virtual object generated due to sensor failure. The TTC and THW of these relevant objects
are estimated for risk assessment in the MRM decision-making process:

TTC(t) = {

THW(t) =

w V<o @
00, V(t) >0
D(t) .
Uego(t)l ( )

where D(t) is the relative distance between the ego vehicle and the object, V(¢) is the
relative velocity of the object with respect to the ego vehicle (negative if approaching), and

Dego (1) is the ego vehicle’s speed.

THW is applied only to front objects to maintain a safe following distance for the

ego vehicle, particularly in situations where a relatively small velocity could result in an

excessively large TTC, making risk estimation less reliable.

3.2.5. Determine the MRM Action and Generate Maneuver Command

The appropriate MRM action is determined through the decision-making process

illustrated in Figure 7, which accounts for the current sensor-failure status and surrounding

driving environment. This process evaluates the availability of lane marking and road-
shoulder information, as well as data from surrounding object identification and TTC/THW
estimation, including object types and their corresponding TTC/THW values (used, for
example, in the Check right-lane change feasibility action step). Based on the selected MRM
action and the estimated TTC/THW values, specific deceleration and steering commands

are generated in the Generate maneuver command action.

(act [Activity] Determine the MRM action[ Determine the MRM action ]4,|

detect =NO
.| Check lane Check the
TTC & THW data x| Checklane | | tpeat | _
detection | | ’ frortl’t_!retar
status - object
detect = Y‘ES has virtual object
v I
Check the !
typeofin- |- >
lane object |

ne Vil‘tLlEl object

I
I_-| Check the
" tpyeof
righ-lane
object

lane markings detection status

has virtual object

———————

no virtual object ’

_______

|
no virtual object

Vi

Check right

lane change -
feasibility

road shoulder detection status |

‘— in lane markings and road shoulder detection status

Execute Emergence
Straight Maneuver

Execute Normal
Straight Maneuver

Execute Emergence S
In-lane Maneuver

Execute Normal In-
lane Maneuver SR
|
y Execute Left

—-» Lane Change
A Maneuver
1
Execute In-lane
Waiting Maneuver

No, ’

Yes' - - Execute Right Lane
Change Maneuver

out MRM action command —

Figure 7. Determination of MRM action in the MRM strategy.
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As shown in Figure 7, the determined MRM action is classified into one of seven

action types. These types are defined with reference to the identified hazards and potential

hazardous events, corresponding to the three hazard types (H1, H2, H3) described in

Section 2. The seven MRM action types are defined as follows:

1.

Normal Straight Maneuver: A longitudinal-only maneuver involving deceleration
or speed maintenance based on front and rear detected objects. This maneuver
corresponds to sensor-failure conditions associated with H2.

Emergency Straight Maneuver: A longitudinal-only maneuver involving deceleration or
speed maintenance, accounting for both detected and virtual objects generated under
simultaneous LiDAR and Radar failures. This maneuver corresponds to sensor-failure
conditions associated with the combination of H2 and H3.

Normal In-lane Maneuver: A longitudinal and lateral maneuver restricted to deceler-
ation, speed maintenance, and lane keeping based on in-lane detected objects. This
maneuver corresponds to sensor-failure conditions associated with H1, specifically
where lateral control for a right-lane change is at risk.

Emergency In-lane Maneuver: A longitudinal and lateral maneuver involving decel-
eration, speed maintenance, and lane keeping, accounting for both in-lane detected
objects and virtual objects generated under simultaneous LiDAR and Radar fail-
ures. This maneuver corresponds to sensor-failure conditions associated with the
combination of H1 and H3.

In-lane Waiting Maneuver: A longitudinal and lateral maneuver involving deceleration,
speed maintenance, and lane keeping based on in-lane detected objects, while waiting
for an opportunity to perform a right-lane change. This maneuver applies when no
hazards (H1, H2, H3) occur, or when H1 is limited to left-lane changes. If lane-change
conditions are not met, the vehicle decelerates to a predefined threshold speed and
maintains it while waiting. The speed-holding phase is limited to an additional travel
distance of 200 m—the maximum reliably perceived range prior to sensor failure—to
ensure safety.

Right-lane Change Maneuver: A longitudinal and lateral maneuver involving decelera-
tion, speed maintenance, and a right-lane change. This maneuver applies when no
hazards (H1, H2, H3) are present, or when H1 is limited to left-lane changes.
Left-lane Change Maneuver: A longitudinal and lateral maneuver involving deceleration,
speed maintenance, and a left-lane change. This maneuver applies when no hazards
(H1, H2, H3) are present, or when H1 is limited to right-lane changes.

TTC thresholds for front and rear objects are set to 5 s, and the THW threshold for

front objects is set to 2 s. Ego vehicle deceleration is discretized into four levels: 0, —2, —4,

and —6 m/s? [29-31]. In the proposed MRM strategy, when both front and rear objects

(real or virtual) are present, priority is given to minimizing collision risk with the front

object in accordance with traffic liability regulations, while mitigating rear collision risk as

much as possible within this constraint.

For the Normal In-lane Maneuver and In-lane Waiting Maneuver,

If both front and rear objects satisfy their TTC/THW thresholds, a deceleration of
—2m/s? is applied.

If the front object violates any threshold, a deceleration of —4 m/s? is applied.

If only the rear object violates its threshold, the ego vehicle maintains its current
speed (0 m/s?).

For Right-lane Change Maneuver and Left-lane Change Maneuver, execution requires

TTC and THW with the target lane’s front object exceed the respective thresholds, and
No rear object is detected in the target lane.
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For the Right-lane Change Maneuver, the proposed strategy prioritizes executing the

lane change when it is determined feasible. In the case where the target lane for a right-lane
change is the road shoulder, the maneuver is permitted only if the shoulder is detected
and classified as a safe stopping area. Unlike the Right-lane Change Maneuver, the Left-lane
Change Maneuver is a special case considered when there is a rear-end collision risk in the
current lane and a safe escape to the left is available.

The remaining two MRM types—Emergency Straight Maneuver and Emergency In-lane

Maneuver—must account for both detected and virtual objects.

Case: Virtual object in front
To avoid entering a blind area with a virtual in-lane front object, the deceleration
Acq1c(F) is calculated as follows:

_ 2
Acarc(t) = Dego ) ’ (6)
2(Dfrom‘ - AXEgo(t)) (1 - Sm)
-2, if acalc(t) > =2
req(t) = < Acarc(t), if —6 < ag(t)< -2, 7)
—6, if acalc(t) < -6

where vgg,(t) denotes the ego vehicle’s velocity, D front denotes the last recorded
relative distance to the front vehicle before sensor failure, and Ax.,(t) denotes the ego
vehicle’s longitudinal displacement since the start of MRM execution. A 10% safety
margin Sy, is applied to account for uncertainties. The final required deceleration
req (1) is constrained to the range [—6, —2] m/s? to ensure vehicle stability.

e Ifno rear object is detected, e (t) is applied.
e  When a rear object is detected and TTC is less than 5 s,

(a) When a,4(t) > —4, the current speed is maintained to provide the fol-
lowing vehicle with additional reaction time.
(b)  When aye(t) < —4, the deceleration a,e(t) is applied, prioritizing the
forward collision risk.
Case: Virtual object in rear
If the in-lane rear object is virtual,

e If no front object is detected or either TTC or THW exceeds its threshold, the
current speed is maintained during the first 5 s of MRM execution to allow
sufficient reaction time for potential following vehicles. During this period, the
MRM execution status is broadcast via the eHMI.

e  When a real front object is detected and either TTC or THW falls below the
threshold during the initial phase, deceleration is initiated. The deceleration
continues until TTC and THW exceed their thresholds, at which point the speed-
maintaining strategy resumes.

Case: Virtual object in front and rear
If both the in-lane front and rear objects are virtual,

e When argq(t) > —4, the current speed is maintained during the first 5 s of
MRM execution.
e  Otherwise, the deceleration a,,(t) is applied to mitigate the front collision risk

The proposed MRM strategy considers not only the current driving environment but

also the specific consequences of partial sensor failures, as identified through the HAZOP
analysis. By integrating these two aspects, the strategy enables the ADS to make optimal
decisions during MRM execution at each time step.
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3.3. Implementation of the MRM Strategy

In this study, the proposed MRM strategy is implemented in MATLAB (version R2024b),
as illustrated in Figure 8. The simulation framework computes perceivable and blind
areas based on specified sensor-failure conditions, as well as the sensor configurations and
capabilities summarized in Figure 3 and Table 1. It incorporates object data derivation,
virtual object generation, and algorithmic execution of the MRM decision-making process.

L i e T T T T T (| e
s in right
12—
E T s e A S s S, i QU WPl e Sy
> g Lane markings
& X
g ego’vehicle (AV)
4 Y S
I \ \ 0 I ] w 1
25 30 35 40 45 50 55 60 65 70
X [m]

Figure 8. A simulation example under LiDAR S; and Radar S3 is applied to mitigate the front
collision riskarea, blind area, and a virtual object introduction.

To focus on decision-making, sensor perception modeling is simplified. All sensors
are assumed to be located at the center of the ego vehicle, allowing unified geometric
calculations without compromising the validity of the risk evaluation.

To verify the proposed MRM strategy, two scenarios derived from hazardous events
and one scenario involving a safe road-shoulder stop are formulated and examined in the
following section.

4. Simulation-Based Verification
4.1. Simulation Environment

This study employs a co-simulation environment integrating MATLAB (version R2024b)
and CARLA (version 0.9.15) to verify and validate the proposed MRM strategy across three
representative scenarios. CARLA, an open-source simulator widely used in automated
driving research, was used to construct highway-driving scenarios, modeling both the
ego vehicle and surrounding traffic participants with realistic dynamics. The simulation
was based on the “Town(04” map, providing a highway network, and the ego vehicle
was instantiated using the CARLA blueprint “vehicle.audi.tt”. MATLAB was used to
implement the decision-making algorithms, risk assessment modules, and the proposed
MRM strategy.

A Python-based communication bridge (Python 3.9) was implemented using
CARLA’s Python API to enable co-simulation with MATLAB [32-34]. Vehicle states in
CARLA—including position, velocity, and orientation—were streamed to MATLAB at
each simulation step with a 0.05 s sampling time. Sensor-failure conditions were preset
for each scenario. MATLAB processed the received state information through the MRM
decision-making framework to determine the appropriate maneuver. The resulting control
commands—acceleration, braking, and steering—were transmitted back to CARLA via the
same bridge.

Control commands were expressed in normalized values consistent with the CARLA
vehicle control API: “throttle” and “brake” within [0.0, 1.0], and “steer” within [—1.0, 1.0].
A closed-loop control scheme was implemented in MATLAB to ensure stable maneuver
execution. Specifically, a proportional-derivative (PD) controller regulated longitudinal
control outputs: the acceleration command from the MRM decision logic was compared
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with the actual acceleration feedback from CARLA, and the resulting error was iteratively
corrected by adjusting the normalized throttle and brake values. This approach ensured
that the ego vehicle’s behavior in CARLA accurately reflected the intended MRM while
accounting for simulator dynamics and response delays. Figure 9 illustrates an example
visualization of the simulation scenario in the CARLA environment during MRM execution.

Figure 9. Example visualization of the simulation scenario in the CARLA environment during MRM
execution. The red vehicle represents the ego vehicle, while the blue vehicles represent surrounding
traffic participants.

Due to CARLA simulator constraints, the ego vehicle was considered stopped when
its reported velocity reached 2 m/s; velocity outputs below this threshold are omitted from
simulation results. This co-simulation setup, combining high-level decision-making in
MATLAB with high-fidelity vehicle dynamics in CARLA, enabled a comprehensive and
realistic evaluation of the proposed MRM strategy under diverse sensor-failure conditions.

4.2. Scenarios

To verify the proposed MRM strategy, three scenarios are selected, as illustrated in
Figure 10. Scenarios A and B represent the most complex and characteristic cases identified
from the hazardous event analysis, corresponding to sensor-failure conditions associated
with the combination of H1 and H2. In both scenarios, simultaneous LiDAR and Radar
failures create blind areas either in front of or behind the ego vehicle, while the vehicle must
still navigate safely among surrounding traffic, making these cases critical for verification.
Scenario C is designed to evaluate the strategy’s ability to enable a safe road-shoulder stop
when a rear vehicle is present in the right lane, under a failure condition associated with
H1 but limited to left-lane changes.

4.2.1. Scenario A: Performing an MRM with a Virtual Object in Front and a Real
Object Behind

Scenario A is defined based on the hazardous event described at the end of Section 2,
in which a failure of front object detection triggers the initiation of an MRM execution.
This is simulated by setting the LIDAR sensor and the two front-facing Radar sensors to
a failure state. The initial scene assumes the ego vehicle traveling at 25 m /s, with a front
vehicle 100 m ahead in the same lane and a rear vehicle approaching at 27 m/s from 50 m
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behind. It is further assumed that the rear-vehicle driver reacts 2 s after the ego vehicle
begins deceleration and communicates MRM execution information via the eHMIL
Simulation results are shown in Figure 11.

Scenario A: LiDAR Si1and Radar S», 4 fail

Rear vehicle
ego vehicle

(AV)
Scenario B: LIDAR S;and Radar Sg, Sy fail

@

Front vehicle

ego vehicle

(AV)
Scenario C: LIDAR S;and Radar S; fail

ego vehicle (AV) —( Virtual object
-\Right lane vehicle

Figure 10. Scenario A, B and C.
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Figure 11. Result of simulation with Scenario A: (a) longitudinal velocity, required acceleration, and
acceleration command of the ego vehicle; (b) relative distance to the front virtual object; (c) TTC with
its threshold between the ego vehicle and the rear object.
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According to the proposed MRM strategy, under this sensor-failure condition, the
ADS executes an Emergency in-lane maneuver, prioritizing the front virtual object while also
accounting for the detected rear object.

At T =0.54 s, the first speed-maintenance phase was triggered as the rear TTC dropped
below the threshold. The ego vehicle maintained its velocity until the TTC exceeded the
threshold, after which it resumed deceleration according to the required acceleration profile
areq- Two additional speed-maintenance phases occurred at T = 3.3 s and T = 3.95 s in
response to subsequent drops in rear TTC below the threshold. After the final recovery
of TTC above the threshold, the ego vehicle continued decelerating according to a,e; until
coming to a complete stop. In this scenario, although the ego vehicle stopped in accordance
with the MRM strategy, the short following distance of the rear vehicle resulted in a
stopping position only 1.3 m ahead of the front virtual object.

4.2.2. Scenario B: Performing an MRM with a Virtual Object in the Rear and a Real Object
in Front

Scenario B is defined based on the hazardous event concerning rear-object detection
failure described at the end of Section 2, simulated by setting the LIDAR and two rear-facing
Radar sensors to a failure state. The initial conditions assume the ego vehicle traveling
at 22 m/s, with a fast-approaching rear vehicle 50 m behind at 30 m/s, and a leading
vehicle 80 m ahead at 20 m/s. The rear-vehicle driver is assumed to react 2 s after the
MRM notification via the ego vehicle’s eHMI, decelerating at —4 m/s?. The front vehicle
is assumed to decelerate at —2 m/s? for the first 3 s, then accelerate to maintain a speed
of 20m/s.

Simulation results are shown in Figure 12. According to the proposed MRM strat-
egy under this sensor-failure condition, the ADS executes an Emergency in-lane maneuver,
prioritizing the detected front object while accounting for the rear virtual object.
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Figure 12. Result of simulation with Scenario B: (a) longitudinal velocity and acceleration command
of the ego vehicle; (b) TTC and THW with their threshold between the ego and front vehicle; (c) TTC
between the ego and rear vehicle, including a comparison with a baseline MRM strategy using a
constant deceleration of —4 m/s?.
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The ego maintains its current speed while the TTC with the front vehicle satisfies the
safety threshold, taking into account the presence of a rear vehicle and the potential hazard
event associated with it. At T = 2.58 s, the ego vehicle begins decelerating in response
to the front vehicle’s slowing motion as the calculated TTC drops below the threshold.
Speed maintenance is resumed at T = 3.94 s once the TTC recovers above the threshold. At
T =55, a continuous deceleration phase is initiated based on both TTC and THW indicators,
and the ego vehicle continues to decelerate until coming to a complete stop. To further
evaluate the effectiveness of the proposed strategy, a baseline MRM strategy is introduced
for comparison in Scenario B. In the baseline approach, the ego vehicle initiates MRM
execution and continuously decelerates at a constant rate of —4 m/s?, without adaptive
consideration of potential hazard event associated with the rear vehicle. As shown in
Figure 12c, the baseline strategy results in a rapid decrease in rear TTC, leading to a rear-
end collision at T = 2.75 s. In contrast, the proposed MRM strategy dynamically alternates
between speed maintenance and deceleration based on TTC and THW evaluation of front
vehicle and the virtual object. This adaptive behavior allows the ego vehicle to avoid
front collision while providing additional reaction time for the following vehicle, thereby
mitigating a rear collision risk under the same scenario.

4.2.3. Scenario C: Performing an MRM Stop on Road Shoulder with a Virtual Object in the
Left Lane

Scenario C illustrates the ego vehicle successfully performing Right-lane Changes
toward the road shoulder and coming to a safe stop following the proposed MRM strategy.
The sensor-failure condition is simulated by disabling the LiDAR and left-side Radar
sensors; this configuration does not hinder the vehicle’s ability to execute a Right-lane
change maneuver. The initial setup assumes the ego vehicle traveling at 25 m/s in the middle
lane of a three-lane highway adjacent to the road shoulder. A leading vehicle is positioned
50 m ahead in the same lane, traveling at 20 m/s, while a rear vehicle approaches in the
adjacent right lane at a longitudinal distance of 50 m and a speed of 27 m/s.

The simulation results for Scenario C are shown in Figure 13.
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Figure 13. Result of simulation with Scenario C: (a) longitudinal velocity and acceleration command
of the ego vehicle; (b) time-series of the ego vehicle’s lateral position; (c) relative distance between
the ego vehicle and right-lane rear object.
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According to the proposed MRM strategy, the virtual object generated in the left-
side blind area does not pose a risk to the right-lane change behavior; therefore, the ego
vehicle performs the In-lane waiting maneuver in accordance with the condition of the traffic
participant in the right lane and successfully executes the Right-lane change maneuver toward
the road shoulder. Initially, the front TTC drops below the safety threshold, prompting
deceleration at —4 m/s* from T = 0 to 2.12 s. The system continuously evaluates the
surrounding traffic, particularly the right-lane rear object, whose TTC and THW gradually
improve. At T = 7.54 s, when both TTC and THW exceed their thresholds, the first lane-
change maneuver is initiated, enabling the ego vehicle to safely merge into the adjacent
right lane. A second lane change occurs at T = 12.06 s, allowing the vehicle to enter the road
shoulder. Throughout the maneuver, safe relative distances are maintained, and the ego
vehicle comes to a complete stop within the shoulder, demonstrating the system’s ability to
achieve an MRC despite partial sensor failure.

4.3. Discussion

The simulation results across all three scenarios demonstrate that the proposed MRM
strategy effectively mitigates the risks associated with potential hazardous events and
reduces collision risks, thereby ensuring the safety of both the ego vehicle and surrounding
traffic participants. In Scenario A, the ADS regulates deceleration to balance rear-end colli-
sion risk and potential forward hazards under front perception sensor failure. In Scenario B,
it prioritizes maintaining a safe distance to the front vehicle and, when feasible, maintains
its speed to mitigate collision risks arising from potential hazardous events associated with
rear perception sensor failure. In Scenario C, the ADS adapts both longitudinal and lateral
control to safely perform a rightward lane change and stop on the road shoulder under
left-side perception sensor failure.

In Scenario A, the MRM strategy prioritized mitigating hazards in the front blind
area by stopping before the virtual object representing undetectable threats. As shown in
Figure 11, the simulation confirmed that this approach ensures safe longitudinal control
under nominal conditions. However, if the rear vehicle is closer (e.g., <50 m), traveling
faster, or has a longer driver reaction time, the ego vehicle may face an increased rear-end
collision risk. These observations highlight a critical tradeoff between mitigating potential
hazards from virtual objects and addressing actual rear-vehicle threats, particularly during
Emergency in-lane maneuver and Emergency straight maneuver. Traffic liability considerations
are incorporated into the proposed MRM strategy. In Scenario B, with a real front vehicle
and a rear virtual object, prioritizing the real front-vehicle threat is appropriate to reduce
forward collision risk. Moreover, in severe sensor-failure scenarios where both front and
rear targets are represented as virtual objects, giving priority to the forward threat remains
a reasonable approach. However, in Scenario A, where a front virtual object is generated
while a real vehicle is detected behind, decelerating to stop before the virtual object may
expose the ego vehicle to a rear-end collision. Decision-making in such complex situations
warrants further investigation, particularly to balance collision severity with traffic liability
considerations. Through multiple simulation runs in Scenario C, it is observed that the
current strategy tends to be conservative when deciding rightward lane changes toward
the road shoulder in order to avoid potential collisions with right-lane vehicles. Future
work will investigate traffic liability considerations and conduct additional simulations
to refine TTC and THW thresholds, aiming to improve the feasibility of rightward lane
changes toward the road shoulder while preserving safety.
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5. Conclusions

This study proposed an MRM strategy to enhance the safety of ADSs and surrounding
traffic during MRM execution by effectively leveraging the remaining functional sensors
under multiple sensor-failure conditions. A HAZOP analysis based on an ADS behavior
model was conducted to systematically identify potential hazardous events and categorize
them into three hazard types, forming the basis of the proposed decision-making frame-
work. The proposed strategy incorporates sensor-failure awareness through object data
derivation and virtual object generation and supports real-time MRM decision-making us-
ing TTC- and THW-based risk assessments. Seven MRM action types were defined to adapt
MRM behavior to different sensor-failure conditions and surrounding traffic situations.
The strategy was implemented in a CARLA-MATLAB co-simulation environment and
evaluated in three representative highway scenarios involving front, rear, and lateral per-
ception sensor failures. The simulation results demonstrate that the proposed approach can
dynamically adapt MRM behavior to diverse sensor-failure conditions while maintaining
safety for both the ego vehicle and the surrounding traffic participants.

Several directions for future work are discussed. First, this study focuses on Level 3
and Level 4 ADSs, assuming the presence of a driver or passengers and addressing safety
from a human-centric standpoint. In contrast, Level 5 ADSs may operate without occupants,
which implies different safety tolerance requirements. Future research will adapt the
proposed MRM strategy to Level 5 ADSs by redefining safety tolerance assumptions and
updating the decision-making model accordingly. Second, while the current HAZOP
analysis considers complete sensor failure as a conservative baseline, future research will
incorporate additional HAZOP guide words to analyze partial sensor failures, such as
delayed or degraded sensor responses. Third, ablation studies and sensitivity analyses
will be conducted to further improve the proposed strategy, for example, by raising the
feasibility of rightward lane changes toward the road shoulder while preserving safety,
as indicated by the simulation observations, and by supporting more balanced decision-
making by integrating responsibility attribution and hazard severity assessments.
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