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Abstract

Before human drivers are fully removed from the vehicle control loop, the transition of control

from automation to human drivers in safety-critical scenarios remains a critical challenge.

Although existing research has proposed several taxonomies to categorize safety-critical

scenarios from technical and human-factors perspectives, gaps remain across approaches,

hindering the transfer of the control process. To bridge this gap, we propose a framework

compatible with previous taxonomies from both technical and human-automation interaction

perspectives! This framework considers technological difficulties, the nature of driving tasks,

and drivers' capabilities. Three dimensions were included in the taxonomy: the source of harm,

the urgency level, and the trigger conditions. Then, a systematic literature review of safety-

critical scenarios in existing empirical studies (N=292) was conducted using our proposed

taxonomy. We summarized the types of scenarios adopted in previous studies, driver

performance in these scenarios, and the intervention strategies to enhance takeover quality.

Several major research gaps were identified, including the highly unbalanced types of scenarios

adopted in previous studies, a lack of understanding of information needs across scenarios, and

the lack of appropriate strategies to improve takeover performance in specific scenarios. These

findings underscore the need for a unified framework to categorize and analyze safety-critical

scenarios, which can support researchers, practitioners, and policymakers in testing and

improving the safety of automated vehicles.

Keywords: Traffic safety, driving automation, takeover scenarios, human factors, system

failure
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1. Introduction

With the advent and growing adoption of driving automation technologies, the automotive

industry is undergoing a transformative shift expected to benefit the traffic system, including

reduced driver stress, increased road safety, and greater traffic efficiency. However, due to the

long deployment cycle of vehicle technologies (Highway Loss Data Institute, 2022), it is

estimated that till the 2030s and potentially the 2040s, partially or conditionally driving

automation that is classified as Levels 2 and 3 by the Society of Automotive Engineers (SAE)

(SAE International, 2021) may still be the mainstream in the consumer market. Thus, in critical

scenarios, human intervention will still be needed for driving automation in the near future

(Litman, 2023). This poses the challenge of ensuring a safe control transition in complex,

dynamic driving scenarios, especially during system-initiated takeovers.

Previous research has attempted to tackle this challenge by providing drivers with

warnings when a takeover is required, for example, via takeover requests (TORs) (Jansen et al.,

2022). However, it takes some time for drivers to build up their situation awareness and

successfully take over control of the vehicle. It is recommended that at least 8 seconds are

needed for a fully distracted driver to safely take control of the vehicle (Samuel et al., 2016).

This is technically challenging, as on a 100 km/h highway, an 8-second pre-warning requires

the system to detect hazards at least 222 meters ahead. Hence, researchers also sought to provide

driver training to help drivers be aware of their responsibilities and the limitations of driving

automation (e.g., Boelhouwer et al., 2019; Ebnali et al., 2019; Hergeth et al., 2017) so that they

can proactively take control of the vehicle. However, drivers may still struggle to determine

when a takeover is necessary, given the highly diverse traffic environment and the uncertainty
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in driving automation performance. In particular, the SAE taxonomy is primarily based on the

responsibility for driving automation and drivers. With technological advancement, the

boundaries between SAE Levels 2 and 3 have become increasingly vague. For example, vehicle

manufacturers have started using terms such as "L2+ automation" (Mobileye, 2020) or

"AutoPilot" (Tesla, 2024) to describe advanced driver assistance systems (ADAS). This poses

further challenges for drivers to correctly identify when a takeover is needed. Thus, it becomes

necessary to categorize takeover scenarios more systematically to guide the labeling of driving

automation, evaluate the human-machine interface, and help drivers better understand the

system boundaries of their vehicles.

Approaches from the driving automation testing domain may provide some insights. The

safety and efficacy of driving automation depend heavily on the accurate perception,

understanding, and response to scenarios. Thus, scenario-based methods were proposed as a

systematic approach to identifying the full range of conditions that automated driving systems

may handle. Unlike traditional bumper-to-bumper testing or statistical analysis of crash data,

scenario-based methods decompose complex traffic situations into discrete, reproducible

scenarios characterized by road geometry, traffic participants, environmental conditions, and

ego vehicle states, enabling targeted safety evaluation and validation of driving automation

systems (ISO, 2022b; Staplin et al., 2018). In recent years, extensive research has been

conducted on identifying (Neelofar & Aleti, 2022; Zhang et al., 2022), generating (Ding et al.,

2023), and evaluating (Chia et al., 2022; Y. Li et al., 2021) safety-critical scenarios that serve

the scenario-based methods.

However, the research on the transfer of control between driving automation and human
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drivers rarely considered this scenario-based approach. On one hand, most existing research
has focused on a few relatively simple takeover scenarios (e.g., following a decelerating vehicle
or approaching a static obstacle) without fully justifying the rationale for their selection (e.g.,
W. Chen et al., 2023; Ko et al., 2022; Shahini et al., 2023). Some adopted a taxonomy of
hazardous scenarios from non-automated driving research, without considering the driving
automation capabilities. For example, the high-risk scenarios in the NHTSA pre-crash scenario
topology (Najm et al., 2007) have been adopted by some studies (Morando et al., 2021; Yamani
etal., 2023) to investigate driver takeover behaviors, although the topology was proposed solely
based on crash statistics among non-automated vehicles. This poses challenges in evaluating
TORs or driver training programs and may impede drivers’ judgment about whether a takeover
is necessary. On the other hand, the existing scenario-based methods were designed for testing
driving automation and did not account for driver intervention from a human-factors
perspective. For example, the taxonomy of scenarios in driving automation testing (e.g, ISO,
2022b; UNECE, 2021) did not consider the time required for drivers to rebuild situation
awareness (J. Zhang et al., 2025) and the influence of driving experience (Sun & He, 2025) on
drivers’ perception of traffic hazards, which are vital influential factors of takeover performance.

Thus, the objective of this study is to review the safety-critical scenarios used in existing
takeover-related research and propose an updated taxonomy that accounts for both technical

difficulties and human user uncertainty. The main contributions of this study are as follows:

- ‘ |
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bridging a gap between technology-oriented and behavior-oriented taxonomies. Second, we

conducted a systematic review of 292 empirical studies to summarize safety-critical scenarios

in existing takeover research and identified critical imbalances and gaps in the current literature.

Third, based on the proposed taxonomy and the systematic review findings, we identified

actionable research directions and discussed how different intervention strategies can be

tailored to specific safety-critical scenarios, providing insights for the design of driving

automation systems.

2. Key concepts and existing frameworks for characterizing safety-critical scenarios

This section reviews the key concepts and existing frameworks for characterizing safety-

critical scenarios with driving automation, identifies their limitations, and motivates the need

for a new taxonomy.

2.1. Key concepts related to safety-critical scenarios

The SAE taxonomy of driving automation has defined several key concepts related to

safety-critical scenarios, namely Operation Design Domain (ODD), Dynamic Driving Task

(DDT), and DDT fallback (SAE International, 2021). The ODD and DDT are the two key

concepts that describe the capabilities and limitations of driving automation with different SAE

levels. ODD outlines the specific circumstances under which driving automation can operate

and is characterized by static and dynamic traffic elements, as well as environmental conditions.

At the same time, DDT describes the tactical and operational maneuvers required to operate the

vehicle, including maneuver planning, object and event detection and response (OEDR), and
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vehicle motion control. When driving automation operates outside the ODD or when a system

malfunction occurs, a DDT fallback is triggered, prompting the fallback-ready user (either the

driver or the backup system, depending on the level of automation) to take over some or all

DDTs to achieve the minimal-risk condition.

Table 1 provides an overview of the ODD range and the DDT allocation between the

driver and the system with different levels of automation. According to the SAE taxonomy, for

Levels 0 to 2, the driver is consistently engaged in the DDT and must proactively resume control

in the event of DDT fallbacks. At Level 3, the driving automation can manage the entire DDT

within its ODD and may issue TORs if a fallback occurs. Drivers are expected to respond to

TORs or initiate a takeover themselves if the driving automation fails to issue a TOR. In Levels

4 and 5, the driving automation fully executes the DDT fallback to reach a minimum risk

condition. However, the SAE taxonomy fails to address real-world complexities, and system

boundaries are often vague in practice. For example, TORs (a non-mandatory feature of the

SAE Level 2 system according to the SAE taxonomy) are commonly used in commercialized

Level 2 systems such as Tesla Autopilot and Huawei Advanced Driving System to prompt

driver intervention (AITO, 2025; Tesla, 2025). In contrast, although SAE Level 4 systems

should theoretically handle all system failures and achieve minimum-risk conditions within

their ODD, current Level 4 vehicles may still fail to respond to hazards and be involved in

crashes (NHTSA, 2022). Thus, while the SAE taxonomy defines automation levels from a

driver-responsibility perspective, it may not accurately reflect actual technological

development.
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Table 1. SAE Levels of Driving Automation (SAE International, 2021).

DDT
Sustained
Lateral and DDT
Level Name 2 ef*a a.n ODD
Longitudinal OEDR  Fallback
Vehicle Motion
Control
0 No Driving Automation Driver Driver Driver n/a
1 Driver Assistance Driver and System  Driver Driver Limited
Partial Drivin
2 V 8 System Driver Driver Limited
Automation
Conditional Drivin . .
3 i £ System System Driver Limited
Automation
High Driving .
4 ) System System System Limited
Automation
Full Drivin .
5 & System System  System  Unlimited

Automation

2.2. Technical frameworks for characterizing safety-critical scenarios

Functional safety (FuSa) (ISO, 2018) and safety of the intended functionality (SOTIF)

(ISO, 2022a) are two complementary frameworks for managing the risks associated with

driving automation. FuSa addresses risks related to electrical and electronic system faults,

including random hardware faults and systematic faults, through fault tolerance or fault

prevention (FuSa). A major limitation of FuSa is that it assumes system risks can be completely

specified, which becomes increasingly challenging as driving automation incorporates complex

Al components (X. Zhang et al., 2022; Y. Zhang et al., 2021).

SOTIF complements FuSa by addressing non-fault-related risks arising from functional

insufficiencies—situations in which the system operates as designed but its intended
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functionality is insufficient to ensure safety. SOTIF considers two types of functional

insufficiency: specification insufficiency (incomplete specifications) and performance

insufficiency (inadequate functional capability) (ISO, 2022a).

Building on FuSa and SOTIF, the Scenario-based Safety Evaluation Framework (ISO

34502) provides a systematic approach for safety testing by instantiating the ODD through pre-

defined scenarios (ISO, 2022b). However, ISO 34502 primarily focuses on the inherent

physical principles of DDT, categorizing them into perception-related, traffic-related, and

vehicle-control-related, without considering the timing and urgency of scenarios from a driver's

perspective. Thus, taxonomies from a human-centered perspective should also be proposed to

enhance the evaluation of human-automation interaction.

2.3. Human factors perspectives on safety-critical scenarios

Several studies have attempted to classify safety-critical situations, taking human factors

into account. For example, McCall et al. (2016) categorized takeover scenarios into five types

based on whether a takeover is scheduled, who initiates it, and whether it is urgent, with each

type necessitating different levels of driver responsibility, skill, and situational awareness. This

taxonomy primarily focuses on the control transition process in takeover scenarios and has the

potential to inform Human-Machine Interface (HMI) design for ensuring safe and seamless

control transitions. Chen et al. (2023) introduced a taxonomy that categorizes takeover

scenarios based on whether the ODD boundary is reached and whether the causes of failure are

recognized by the system or the human driver. This taxonomy has demonstrated effectiveness

in guiding improvements in driving automation features, HMIs, and driver training programs.
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Similar to the concept of ODD boundary by Chen et al. (2023), Kanaan & Donmez (2024)

focuses on whether the automation failures are triggered by unknown and unscheduled

conditions. Through a scoping review of takeover scenarios, they find that most existing studies

have considered only relatively simple scheduled ODD exit situations (e.g., unclear lane

markings or road obstacles). Moreover, in studies of automation failures, the underlying

mechanisms were often described ambiguously, making accurate classification challenging.

2.4. Synthesis of existing frameworks and gaps

The review above reveals several critical gaps in existing frameworks for characterizing

safety-critical scenarios. First, technology-oriented taxonomies (e.g., ISO, 2018, 2022a, 2022b)

focus primarily on system-level failures and do not account for the role of human drivers in the

control transition process. Second, human-factor-oriented taxonomies (e.g., K.-T. Chen et al.,

2023; Kanaan & Donmez, 2024; McCall et al., 2016) provide valuable insights into driver

behavior but are limited in their coverage of technical failure types and lack alignment with

industry standards. Third, existing taxonomies generally treat scenario urgency and trigger

conditions as secondary factors, without systematically integrating them into a unified

framework. These gaps highlight the need for a comprehensive taxonomy that bridges the

technical and human factors perspectives while providing higher resolution in terms of scenario

urgency and trigger conditions.
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3. A taxonomy of safety-critical scenarios with technical challenges and human factors

considered

perspectives across  three  complementary dimensions| The safety-critical scenario in our

taxonomy is defined as a situation wherein the driving automation fails to execute the DDT as

intended, necessitating human intervention to ensure driving safety.
3.1. Motivation for the taxonomy

Based on our review of existing frameworks, we believe that focusing solely on drivers'

responsibilities as defined by SAE Levels cannot adequately differentiate the challenges drivers

face when automation fails. [n‘Such’conditions. understanding how! drivers interact witl

Figure 1 illustrates our taxonomy of safety-critical scenarios, which has three dimensions:
the source of harm, the urgency level, and the trigger phase. The proposed taxonomy is
grounded in three complementary theoretical foundations. First, the source of harm dimension
draws on the distinction between system malfunction (ISO, 2018) and functional insufficiency

(ISO, 2022a), a distinction widely adopted in the automotive industry for classifying
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automation failures. Second, the trigger phase dimension aligns with the three-phase driving

task model (Michon, 1985) and the functional modules of the driving automation (i.e.,

perception, planning, and control) (Pendleton et al., 2017), providing a theoretically grounded

basis for categorizing driving challenges. Third, the urgency-level dimension is informed by

the takeover-request literature (K.-T. Chen et al., 2023; McCall et al., 2016) and reflects the

temporal constraints drivers face during control transitions. The combination of these three

dimensions provides a comprehensive characterization of safety-critical scenarios: the source

of harm identifies where the failure originates, the trigger phase describes the nature of the

driving challenge, and the urgency level quantifies the time pressure on the driver. Together,

these dimensions capture the technical challenges of driving automation and the human factors

challenges drivers face when cooperating with automation.

System — Ur
—— gency level
Specification
lnsufﬁciency Silent TOR
System T D —
Malfunc i 2
tion Specificag;
IIISufﬁ:::,ll:; v Instant TOR
w:?lis‘em \ — Jnalo - oy |
Unctiop | | Speciﬁcati(,n . ObD | [t - Proactive TOR
: In suffici Xit — |
| ullicieney | S r—
Pt i lic O
Operag | {obp kit oo -
‘ mfal obp it D Scheduled TOR
| . | || =
‘Tﬂt\ e ODD | nsufﬁcie
llcal‘ ODp it » "“-———El?_y__“ | .
% | ——— Trigger phase
Xit
' Control-related
S"atf;:gic oDbp W
xit ‘ R — R
e | | —
= | Planning-related
lmemal»fault_

relateq ExtcrnaLcOndilio - Perception-related

relateq " Souree of harp,

Figure 1. Taxonomy of safety-critical scenarios.
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3.2. Source of harm

The source of harm explains where a critical event originates from. This dimension is

considered because it can inform which skills or knowledge drivers need to anticipate a critical

scenario.

3.2.1 Internal-fault-related and External-condition-related Scenarios

Being compatible with FuSa and SOTIF, internal-fault-related scenarios cover system

malfunction in FuSa, and external-condition-related scenarios cover functional insufficiency in

SOTIF. It should be noted that, according to FuSa, the system malfunction can be further

categorized as a random hardware fault or systematic fault. However, as discussed in ISO 21448

(ISO, 2022a), the systematic fault can sometimes be regarded as functional insufficiency. For

instance, the Uber automated driving vehicle incident (NTSB, 2019), where the driving

automation failed to recognize a pedestrian, can be regarded as either a systematic software

fault according to FuSa or a functional insufficiency of the machine learning component

according to SOTIF. From a user’s perspective, the drivers may not be able to tell whether it is

a malfunction or functional insufficiency, but they may care more about whether the hazard is

induced by internal faults (i.e., hardware, software, or mechanical faults) or external conditions

(e.g., scenery, traffic, or environmental elements). In other words, internal-condition-related

scenarios are mostly technically oriented and unpredictable to users, but external-condition-

related scenarios can be predicted based on drivers’ understanding of the system boundaries (or

ODD) and the perception of the environment. Research has already found that drivers’ takeover

performance differs in internal-fault-related and external-condition-related scenarios (Kanaan
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& Donmez, 2024). Thus, we have internal-fault-related and external-condition-related

scenarios in this dimension.

3.2.2 External-condition-related scenarios: ODD exit and specification insufficiency

Building on the concept of functional insufficiency in SOTIF, we further defined different

types of external-condition-related scenarios. Specifically, depending on whether the functional

insufficiency and its trigger conditions are acknowledged and specified in the ODD, we

subdivided the functional insufficiency scenarios into specification-insufficiency scenarios and

ODD-exit scenarios. For instance, in a situation where the driving automation is unable to

operate in heavy rain due to sensor limitations, if this sensor limitation and its trigger condition

have been acknowledged in the ODD, the heavy rain scenario will be classified as an ODD exit

scenario; conversely, if the ODD does not explicitly acknowledge this limitation, this scenario

would be classified as a specification insufficiency scenario. Previous research aimed at

improving drivers’ mental models of driving automation, by nature, sought to help drivers be

more aware of the ODD, and they found that drivers with stronger mental models can perform

better in ODD exit events (e.g. Ebnali et al., 2019; Hergeth et al., 2017; Zhou et al., 2019). This

indicates that the takeover performance can differ between ODD exit and functional

insufficiency scenarios.

3.2.3 ODD Exit Scenarios: Strategic, tactical, and operational ODD exit

Based on when the system can detect the ODD exit, in line with the three levels of driving

tasks (Michon, 1985), we define the three levels of ODD exit as follows:
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1)

2)

3)

Strategic ODD exit: A scenario in which the conditions that will cause the driving

automation to exit its ODD are known at the route planning stage. This corresponds to the

strategic level of driving, which involves global route planning and high-level decisions

(e.g., exiting a highway at a predetermined location).

Tactical ODD exit: A scenario in which the ODD boundary is detected during the tactical

driving phase, which involves OEDR and local trajectory planning. The system can

identify the upcoming ODD exit at least seconds in advance (e.g., by detecting a new

construction zone ahead or a vehicle cutting in from an adjacent lane).

Operational ODD exit: A scenario in which the ODD boundary is only reached during the

operational driving phase, which involves real-time vehicle motion control. No advance

warning can be provided, as the system only detects the ODD exit when it occurs (e.g.,

when suddenly encountering black ice or an unexpected change in road surface).

Note that we abandoned the term planned or unplanned event in previous studies (Hong

et al., 2022) and adopted the 3-level driving task hierarchy to label driving scenarios (Michon,

1985), matching the DDT types in driving automation (i.e., globla route planning, OEDR and

local trajectory planning, and motion control, SAE International, 2021). These 3-level ODD

exits can also provide higher-resolution information on the available timing of the TOR, thereby

enabling the establishment of the relationship between technical difficulties and drivers’

perceived urgency. For example, the driving automation may only work on highways, and thus,

when the route is planned, this strategic ODD exit is known. In contrast, detecting tactical ODD

(e.g., a sudden cut-in vehicle initiated the ODD exit) is more challenging for drivers, given that

drivers will need to perceive or even anticipate the hazards in order to take over the vehicle,
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which is cognitively demanding, especially for those with little driving experience (He, 2020).

Whereas the operational ODD is even more safety-critical, as no TOR can be provided in

advance and the vehicle may exhibit unstable dynamics when the operational ODD exit occurs.

3.3. Urgency levels of safety-critical scenarios

The urgency level of safety-critical scenarios is widely recognized as a crucial factor

affecting drivers' takeover performance and has been extensively studied. For example, McCall

et al. (2016) categorized takeover situations into scheduled and non-scheduled, claiming that

all scheduled takeovers are non-emergent, whereas non-scheduled takeovers could be either

urgent or non-urgent. Similarly, K.-T. Chen et al. (2023) classified takeover situations into

planned ODD exit, unplanned ODD exit, driving automation operation failure, and mechanical

failure, suggesting that all these situations, except for planned ODD exit scenarios, have high

urgency. Depending on whether a takeover request (TOR) is issued before or after the ODD

exit, Yao et al. (2021) categorized safety-critical scenarios into ODD exit situations and system

failure situations — the latter led to longer driver response time and lower takeover quality.

The source of harm is intrinsically associated with the urgency levels of scenarios. As

depicted in Figure 1, we divide the scenarios into four levels based on the presence of TOR

and the length of takeover request lead time (TORIt), i.e., scheduled TOR, proactive TOR,

instant TOR, and silent TOR. The control transition process of each urgency level is illustrated

in Figure 2.
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e The scheduled TOR can only be triggered by strategic ODD exit, which usually has a long

TORIt, and the drivers can be informed before the scenarios are encountered (Figure 2a,

e.g., know the foggy weather kilometers away). More specifically, the scheduled TORs are

those that can be known when the route is planned (e.g., knowing the highway exit when

setting the navigation and knowing bad weather tens of kilometers ahead when planning the

route).

e The proactive TOR can be triggered by strategic and tactical ODD exit and can only be up

to tens of seconds ahead, given that the system can only realize the boundary of the ODD

when planning the tactical level DDT (Figure 2b, e.g., detect a cutting-in vehicle when

planning the vehicle motion in the next few seconds).

e The instant TOR can be triggered by all ODD exit scenarios (Figure 2¢, ¢.g., detect the icy

road when turning the steering wheel) and has no lead time.

e System malfunction scenarios and specification insufficiency scenarios have the highest

urgency levels, and the system may not even detect them, leading to silent TOR (Figure 2d;

i.e., the system may not disengage but continue operating in an unintended manner).

It should be noted that the urgency level is not entirely independent of the source of harm.

However, they are conceptually distinct, capture different aspects of safety-critical scenarios,

and connect the technical challenges and human factors challenges. Specifically, the source of

harm describes the origin of the failure, the trigger phase characterizes the nature of the driving

challenge, and the urgency level reflects the temporal constraint on the driver - each dimension

provides unique information essential to understanding and addressing safety-critical scenarios.

Further, the same source of harm may trigger different TORs with different levels of urgency.
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For example, a strategic ODD exit (e.g., a highway exit) can trigger a scheduled TOR,

informing drivers of the upcoming takeover several kilometers in advance. However, the system

can still issue a proactive TOR later, when the vehicle approaches the highway exit. In contrast,

an operational ODD exit cannot trigger a scheduled TOR because the system cannot detect the

situation in advance. Thus, we still opt to keep both dimensions, despite the inter-dependencies.

This dimension of scenario urgency is compatible with the taxonomy of safety-critical

scenarios proposed by McCall et al. (2016), K.-T. Chen et al. (2023), and Yao et al. (2021), but

provides higher resolution from the driving-task perspective, which can better inform how

takeover quality can be improved. For example, for the scheduled TOR, a multi-stage warning

may be helpful for drivers to anticipate the upcoming takeovers (i.e., not just inform drivers of

the ODD exit right before the ODD boundary is reached, but also at the beginning of the drive)

(W. Liuetal., 2022; Tan & Zhang, 2023; W. Zhang et al., 2023). For the proactive TOR, existing

research focuses on how to help drivers build situation awareness more quickly within a limited

time budget to quickly take over the vehicle (Wright et al., 2017; Y. Yang et al., 2018). The

instant TOR is urgent; hence, guidance on how to better execute takeover action to reach

minimum-risk conditions may be critical (Kalb et al., 2018). For the silent TOR, enhancing the

transparency of driving automation and keeping drivers informed of the system status so they

can detect failures in time are crucial (Jung et al., 2023a; Kraus et al., 2020).

Automation Automation
engaged engaged
TOR Automation TOR Automation
disengaged l disengaged
L J time — time

T
Long TORIt Short TORIt
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engaged engaged Unintended
) behavior

TOR | Automation TOR

disengaged absent

A4
Instant TOR time Silent failure time
c¢. Instant TOR d. Silent TOR

Figure 2. Control transition process with different urgency levels.

Note that although urgency can be conceptualized as a continuous variable (e.g., time-to-

collision or takeover request lead time), we opted for a categorical classification of urgency

levels for several reasons. First, in the context of a systematic review, a categorical taxonomy

is more practical for classifying and comparing scenarios across studies, as different studies

report urgency in different ways (e.g., some report exact lead times while others only describe

the scenario type), and specific thresholds can vary with traffic conditions such as vehicle speed

and traffic density. Second, the four-level classification (scheduled TOR, proactive TOR,

instant TOR, and silent TOR) aligns with the information available to drivers and the type of

cognitive and behavioral challenges they face, which is the primary focus of our taxonomy.

3.4. Trigger phase

The difficulty of handling takeover scenarios is not just determined by the TORIt, but also

by the trigger conditions. Previous research usually categorized the trigger conditions of critical

scenarios into scenery-related, environment-related, and traffic-related (Ito, 2021). However,

such a taxonomy can hardly inform drivers of the capability of driving automation. For example,

in the same scenario (e.g., heavy rain), different driving automation may fail for different
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reasons (e.g., vehicles that rely heavily on LIDAR may be unable to detect road agents, while

another vehicle may exit ODD due to a slippery road).

Thus, inspired by ISO 34502, which classifies driving automation testing scenarios into

perception-related, traffic-related, and control-related categories (ISO, 2022b), and aligning

with the three phases of the driving automation DDT (Pendleton et al., 2017), we categorize the

trigger conditions into perception-, planning-, and control-related categories. The perception-

related triggers are associated with the perception of information related to driving; the

planning-related triggers are associated with planning the vehicle maneuver and trajectory; and

the control-related triggers are associated with conditions that impede execution of the planned

trajectory. Table 2 lists example scenarios of all combinations of the dimensions in our

taxonomy.

Depending on the trigger conditions, drivers may need different information even in the

same scenario. Let us take a classical scenario that has been that has led to a number of fatal

accidents in recent years as an example and explain it, i.e., whether the ACC can respond to

stationary objects. All three trigger phases can lead to an unstopped vehicle in this scenario.

First, the system may fail to identify the stationary object — in this case, to facilitate a successful

takeover, the system should highlight all objects they have detected. Second, the system may

fail to plan a motion to avoid the collision — in this case, the system should inform the drivers

of the planned trajectory. Finally, the system may not be able to brake in time — in this case, it

should inform the drivers of the braking system's capacity.

However, it should be noted that simply informing the system states may not be enough

for a driver to take action in time, as a comparison between the system's ODD and anticipated



traffic development (i.e., hazard prediction) is needed to determine whether a takeover is
required. A taxonomy of the hazardous scenarios has been proposed by Yan et al. (2024), in
which the perception of cues informing hazard is critical for handling perception-related
scenarios, and the understanding and prediction of hazards are critical for handling planning-

related scenarios.



Table 2. Example scenarios with different sources of harm and trigger phases.

Source  of Urgency Trigger .
Example Scenarios
harm level phase
Highway driving with ACC engaged. The ego vehicle's LIDAR sensor experiences a hardware malfunction,
Perception failing to detect a stationary truck ahead. The system continues operating without issuing any warning,
creating an imminent collision risk.
i/i:lt:umnction Silent TOR Planning Urban arterial road with LCC engaged. A software bug causes the path planning algorithm to generate an
incorrect trajectory, resulting in gradual lane departure toward the adjacent lane without any system alert.
Control Rural road with LCC engaged. A mechanical fault in the steering actuator causes sudden loss of steering
control while the vehicle is negotiating a gentle curve, with no prior warning to the driver.
Suburban road with ACC engaged. The system fails to recognize an unconventional obstacle (e.g., a fallen
Perception tree branch with irregular shape) as it falls outside the trained object classification categories, despite clear
visibility conditions.
Specification Highway driving with ACC engaged. The system cannot plan appropriate deceleration for a slippery road
insufficiency Silent TOR  Planning because the reduced tire-road friction coefficient under such conditions was not explicitly specified in the
system's operational parameters.
Approaching a signalized intersection with ACC engaged. The braking system's maximum deceleration
Control capacity is insufficient to stop before a lead vehicle that brakes abruptly, as the vehicle's braking performance
with a worn brake was not accounted for in the system specifications.
Curved highway with LCC engaged. The vehicle suddenly enters a construction zone where lane markings
. Perception have been temporarily removed. The lane detection function immediately loses tracking capability and issues
Operational  Instant . . .
ODD exit TOR an 1nsta.1nt TOR'Wlth TlO lead tm'ne. ' ' .
Planning Urban intersection with green light. A vehicle from the cross street runs a red light at high speed. The system

detects the conflict too late to plan an evasive maneuver and issue an instant TOR.




Control

Highway driving with ACC engaged. A vehicle cuts in aggressively from an adjacent lane at close distance.
The system applies maximum braking but reaches its deceleration limit before achieving a safe following
distance, triggering an instant TOR.

Tactical
ODD exit

Proactive
TOR

Perception

Highway at 100 km/h in clear weather. The radar detects a dense fog bank approximately 200 meters ahead.
The system issues a proactive TOR with approximately 7 seconds lead time, allowing the driver to prepare
for manual control before entering reduced visibility conditions.

Planning

Rural road at 50 km/h. The forward-facing cameras detect a transition to an unpaved section with no lane
markings. The system recognizes this upcoming ODD boundary exit and issues a proactive TOR with
approximately 10 seconds lead time.

Control

Urban street at 30 km/h. The system detects an upcoming with a curvature radius that exceeds the vehicle's
maximum safe cornering speed at the current velocity. A proactive TOR is issued 5 seconds before the curve,
warning the driver to reduce speed and take manual control.

Strategic
ODD exit

Scheduled
TOR

Perception

The navigation system identifies a fog zone along the planned highway route based on weather forecast data
at route planning stage before departure. A scheduled TOR notification is displayed 1 kilometer before the
fog zone

Planning

Highway journey with L3 automation. The navigation system shows a scheduled toll station in 15 kilometers.
The system provides a scheduled TOR notification at the start of the journey, with another reminder at 1
kilometer before the station.

Control

Route planning for a mountain pass. The system identifies a series of sharp bends on the planned route that
exceed the automation's handling capabilities. A scheduled TOR is issued kilometers before the bends,
informing the driver of the upcoming challenging road section.
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4. Review of safety-critical scenarios

Following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-

Analyses) 2020 approach (Page et al., 2021), this section presents the results of a systematic

literature review regarding safety-critical scenarios in existing empirical takeover research. We

aim to investigate the safety-critical scenarios used in existing empirical studies, examine

findings on their influence on drivers' takeover behavior, and explore implications for driving

automation design.

4.1. Literature search and screening

The systematic review followed the PRISMA 2020 approach (Figure 3). Given the focus

on safety-critical scenarios in empirical studies related to driving automation, the key search

terms were designed as follows: ("automated driving” OR "autonomous driving” OR

"automated vehicle" OR "autonomous vehicle” OR "driving automation" OR "ADAS") AND

("TOR" OR "takeover" OR "take over" OR "fail*" OR "disengage*" OR "fallback") AND

"experiment*" OR "empirical” OR "field study” OR "naturalistic driving”). The literature
P p

search was conducted on July 14, 2025, within title, abstract, and keywords, across four

databases, including Web of Science, Scopus, IEEE Xplore, and ACM Digital Library, with no

limits or filters applied. The total number of records identified was 3543, and 2299 were

retained after removing duplicates. The abstracts of the remaining records were evaluated for

eligibility based on the following inclusion criteria:

1) The research must involve an empirical study of driving automation with human
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participants.

2) The ego vehicle in the experiment should be equipped with SAE Level 2 or higher

automation.

3) The experiment should involve situations that require the driver’s intervention.

In total, 368 records were found to be eligible, and the full papers were further screened.

As a result, 4 reports were removed as they were not in English or Chinese, 69 reports were

removed as they did not provide sufficient information about the safety-critical scenarios (e.g.,

the TORs are triggered based on time or location, not by specific scenarios, or the report did

not provide description about the scenario), and 3 reports were removed as they only considered

driver-initiated non-critical takeovers. Finally, 292 reports were identified as eligible for further

assessment and review.
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Identification of studies via databases and registers

)
- Records identified from:
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§ ACM Digital Library (n =22) 1244)
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'
)
Records screened Records excluded
(n=2299) (n=1931)
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Reports s0u5ht for retrieval Reports not retrieved
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=
8
5
@
Reports assessed for eligibility
(n=368) Reports excluded:
Language (n =4)
Insufficient information (n = 69)
Driver initiated takeover (n = 3)
—
v

Studies included in review
(n=292)

Reports of included studies
(n=292)

Figure 3. PRISMA process for literature selection.

4.2. Experiment settings

Figure 4 summarizes the experimental settings of the 292 included studies. The majority
(n=277, 94.9%) of these studies were conducted in a driving simulator context, while a small
percentage (n=12, 4.1%) were conducted on roads or tracks, and a few (n=3, 1%) were based
on video simulation.

Additionally, it was found that the automation levels involved in the identified studies
ranged from SAE L2 to L4, with the majority focusing on L3 automation (n=225, 77.1%), and
3 studies (1.0%) investigated takeover situations in L4 vehicles. It is noteworthy that some of

the included studies did not specifically mention SAE levels (marked as NA in Figure 4),
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although the ODD boundary and safety-critical scenarios are closely tied to the automation
levels of driving systems. If both L2 and L3 systems were used in an experiment, the study was
marked as L2&L3 in Figure 4.

Regarding non-driving related tasks (NDRTSs), the majority (n=232, 79.5%) of the included
studies allowed drivers to engage in NDRTs, while only a few (n=38, 13.0%) required drivers
to continuously monitor the driving automation. Some studies (n=22, 8.5%) did not indicate

whether NDRTs were allowed or not (NA in Figure 4).

L3 (225, 77.1%)
NDRT allowed (232, 79.5%)

Simulator (277, 94.9%)

Level NA (34, 11.6%) T

— -

P
COL2&L3 (5, 1.7%) NDRT not allowed (38, 13.0%)
— g =14 (;1.0%) L
= Video (3, 1.0%)
L2 (25, 8.6% 9
[JRoad or Track (12, 4.1%) ( 0) NDRT NA (22,7.5 /o)D

Figure 4. Sankey Diagram of experiment context, automation level, and NDRT.

4.3. Safety-critical scenarios involved in existing research

We further reviewed the safety-critical scenarios in the included studies. As shown in
Figure 5, only 32% of studies clearly indicated the source of harm, with external-condition-
related scenarios (particularly tactical ODD exits) receiving more attention than internal-fault-

related scenarios. A large proportion of studies (66%) did not provide sufficient information to
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categorize scenarios (see Section 5.3 for further discussion).

z Indicated = Not irldicated/

System
. malfunction,
193, 66% Strategic 19
ODD exit,
21

4 Specification
Operational insufficiency,
Tactical ODD exit, 71 ODD exit, 5 9

Figure 5. Source of harm of safety-critical scenarios. (Note: among the 99 studies that
indicated their scenario types, a single study may involve multiple scenario types, so the
sum in the right area chart exceeds the total number of studies.)

To better understand the distribution of safety-critical scenarios in prior studies, we also
list them in Table 3. Notably, a single scenario may arise from either a single trigger condition
or a combination of multiple conditions outlined in the taxonomy. Thus, a single trigger
condition might manifest across several scenarios within a single study, and in such instances,
it was counted only once. It can be observed that scenarios in which external conditions
contribute to planning-related failures dominate. Among these scenarios, encountering a static
obstacle on the road has been extensively studied (n=170), followed by infrastructure-related
scenarios (n=128) and scenarios involving surrounding vehicle maneuvers (n=86). Additionally,
factors such as foggy or rainy weather (n=34), unclear lane markings (n=24), and curved roads

(n=15) have attracted significant attention in previous studies.



1 Table 3. Frequency of trigger conditions in the included studies.

Internal-fault-related

External-condition-related

Sensor error: 7

Unclear or missing lane markings: 24
Occlusions: 8
Weather (e.g., fog or rain): 34

Perception- . .
lated Total: 7 Unrecognizable traffic signs: 3
relate
(L2: n=3; L3: n=4) Missing GPS signal in certain road sections: 3
Total: 64
(NA: n=2; L2: n=9; L3: n=52; L4: n=1)
Static obstacles: 170
False alarm: 5 Infrastructures (e.g., highway exit, parking area,
False trajectory planning: 3 intersection): 128
Planning- Cyber-attack: 1 Surrounding vehicle maneuvers: 86
related HMI fault: 1 Vulnerable road users’ maneuvers: 34
Total: 10 Ego maneuvers (e.g., exceeds speed limit): 1
(NA: n=1; L2: n=1; L3: n=8) Total: 419
(NA: n=48; L2: n=41; L3: n=327; L4: n=3)
Lose steering or acceleration:
3 Curved road: 15
Control- ) External force (e.g., side wind): 1
Erroneous steering torque: 5
related Total: 16
Total: 8 -

(NA: n=2; L2: n=3; L3: n=11)

(NA: n=2; L2: n=2; L3: n=4)

10

11

Figure 6 demonstrates the urgency levels of the safety-critical scenarios involved in the

included studies. It is important to note that among the four urgency levels, both scheduled and

proactive TOR involve a TORIt greater than zero. However, there is no universally agreed-upon

TORIt threshold to differentiate between them, as it is subject to various conditions such as

traffic density, lighting conditions, and vehicle velocity. Therefore, in determining whether a

TOR is proactive or scheduled, we primarily rely on the experimental settings rather than an

absolute TORIt value (i.e., whether a TOR can be scheduled when a route is planned). The

result indicated that most (83%) studies focused on proactive TOR situations, while scenarios

involving scheduled, instant, or silent TORs have been under-investigated. Additionally, a few
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studies have attempted to compare takeover scenarios across varying levels of urgency.

Instant, 4, 1.37%

//Silent, 18, 6.16%

Scheduled & Proactive, 8, 2.74%
Proactive,
247 87 88% e Proactive & Instant, 3, 1.03%

Sy

- /%\ Proactive & Silent , 8, 2.74%

Instant & Silent, 4, 1.37%

Scheduled, 5, 1.71%

Figure 6. Urgency level of safety-critical scenarios.

4.4. Human performance in safety-critical scenarios

This section examines how the source of harm and urgency level influence drivers'

takeover performance, drawing on the studies that reported scenario-related outcome measures.

As previously mentioned, most existing research has focused on strategic or tactical ODD exit

scenarios involving scheduled or proactive TORs. Only a few studies have examined drivers’

takeover performance across scenarios with varying sources of harm and urgency levels. Table

4 provides a comprehensive list of these studies, detailing the source of harm, urgency levels,

and their impacts on drivers' takeover performance.

Given the varying terminology used across studies to describe failure types, we

categorized the scenarios according to our proposed taxonomy for clarity. As shown in Table 4,

drivers generally exhibit better lateral control quality, a higher intervention rate, and greater

accuracy (i.e., successful intervention rate) in proactive TOR scenarios compared to instant or

silent TOR scenarios. Nevertheless, conflict results have been found regarding the influence of



1  the source of harm and urgency level on reaction time and longitudinal control quality

2  (DeGuzman et al., 2020; Mishler & Chen, 2023; Payre et al., 2023; Yao et al., 2020, 2021; Y.

3 Zhang et al., 2023; Zhou et al., 2020)



Table 4. The effect of the source of harm and urgency levels on takeover performance.

Failure type
oo . Urgency . . -
Reference indicated in the Source of harm level Scenario Description Findings
eve
paper
The scenarios for both failure types Less reaction time (RT) in system failure
had the same roadworks, freeway exit scenarios compared to ODD exit
Operational Instant TOR ramp, and fog. In the system failure scenarios
nstan .. . . :
Yao et al. System failure ODD exit Proact condition, the TOR was issued as Better lateral control in ODD exit
roactive . o . :
(2021) ODD exit Tactical ODD TOR soon as automation deactivation scenarios compared to system failure
exit (Operational ODD exit and Instant scenarios
TOR); while in ODD exit condition, No significant difference in longitudinal
the TOR was issued 7s ahead control
(Tactical ODD exit and Proactive Less RT in system failure scenarios
Operational TOR). Better lateral control in ODD exit
. . Instant TOR . .
Yao et al. System failure ODD exit Proacti scenarios compared to system failure
. roactive .
(2020) ODD exit Tactical ODD TOR scenarios
exit No significant difference in longitudinal
control
The scenarios for both failure types
are the same, which was a . . )
) System ) ) ) Less RT in system limit failures
Mishler & System ) Silent TOR construction site appeared after the ] .
) malfunction ) ) i compared to system malfunction failures
Chen malfunction ) Proactive vehicle crested a hill. In the system i i .
. Tactical ODD o .. ) Higher accuracy in system limit failures
(2023) System limit ) TOR limit condition, a TOR was issued as , :
exit compared to system malfunction failures

soon as the hazard became visible
(Tactical ODD exit and Proactive




TOR); while in the system failure
no TOR was issued
and Silent

condition,
(System malfunction
TOR).

The scenarios for both failure types
were the same, which was a steering
loss situation. In the alerted failure

Less RT in alerted failures compared to

System .. . silent failures
. . . . condition, a TOR was issued at the . .
Y. Zhanget Silent failure malfunction Silent TOR , ) Better lateral control in alerted failures
. time of steering loss (System ) )
al., (2023)  Alerted failure System Instant TOR , i compared to silent failures
. malfunction and Instant TOR); while o ) .
malfunction ) . . .. Better longitudinal control in silent
in the silent failure condition, no TOR . .
] ) failures compared to alerted failures
was issued (System malfunction and
Silent TOR).
In the silent failure condition, a
system malfunction occurred during
an overtaking maneuver (System
System . .
] _ ) . malfunction and Silent TOR). In the ) ) . . -
Payre et al. Silent failure malfunction Silent TOR e .. Higher intervention rate in explicit
. explicit failure condition, a cyber- . ) .
(2023) Explicit failure System Instant TOR , ) failures compared to silent failures
, attack happened during an overtaking
malfunction
maneuver and a ransomware appeared
on the screen (System malfunction
and Instant TOR).
Un-cognizable Specification . In the cognizable limitation condition, ) ) L
. ) i Silent TOR . Less RT in cognizable limitation
Zhou et al. limitation insufficiency ) the system failed to detect the lane due ) )
i ) Proactive ) scenarios compared to un-cognizable
(2020) Cognizable Tactical ODD TOR to fog, unclear lane marking or snow, fail
ailures
limitation exit and a TOR was triggered 5 seconds




before automation failure (Tactical
ODD exit and Proactive TOR). In the
un-cognizable limitation condition,
the lane is closed due to a fallen
object, construction site, or stopped
car, and the system fails with no TOR
(Specification  insufficiency and
Silent TOR).

Higher accuracy in cognizable limitation
scenarios compared to un-cognizable
failures

System
malfunction
System limit

System
malfunction
Tactical ODD
exit

Silent TOR
Silent TOR

In the system limit condition, the lane
keeping system followed the solid line
and entered the right-turn lane, failing
to drive straight through an
intersection (Tactical ODD exit and
Silent TOR). In the system
malfunction condition, the ego
vehicle failed to keep in the lane and
veered to the right (System
malfunction and Silent TOR).

Less RT in system limit failure

Less NDRT engagement before system
limit failures compared to system
malfunction failures

Longer on-road glance before system
limit failures compared to system
malfunction failures

DeGuzman
et al.
(2020)
Merlhiot &
Yousfi
(2024)

Urgent TOR
Planned TOR

Tactical ODD
exit
Strategic ODD
exit

Proactive
TOR
Scheduled
TOR

Bothe failure types involved the same
scenarios (a construction zone, and a
lane reduction) but with different time
budget. In the planned TOR
condition, a TOR was presented with
a TTC of 30 seconds (Strategic ODD
exit and Scheduled TOR); while in the
urgent TOR situation, a TOR was

Less RT during urgent TORs
Less visual attention on road and more at
the left mirror during urgent TORs




triggered with a TTC of 7 seconds
(Tactical ODD exit and Proactive
TOR).

Bai & Feng No notification

(2023)

Notification

Specification .
. P . Silent TOR
insufficiency )
. Proactive
Tactical ODD
. TOR
exit

There are two scenarios. One was a
lane reduction with no notification
(Specification insufficiency and
Silent TOR). Another one was a
construction zone with a notification
presented 620 ft (around 189 meters)
ahead the hazard (Tactical ODD exit
and Proactive TOR.

Lower mental workload when takeover
notification was presented
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In addition to the source of harm and urgency level, NDRTSs represent another important
factor influencing drivers' takeover performance. As reported in Section 4.2, the majority
(79.5%) of the included studies allowed drivers to engage in NDRTs, reflecting the real-world
conditions under which partial and conditional driving automation operates. Previous research
has shown that drivers' situation awareness, reaction time, and takeover quality during a

takeover can be associated with the NDRT availability (e.g., X. Li et al., 2020, Minhas et al.,

2022, Wandtner et al., 2018). Afithe'same fime. different NDRTS compete for drivers’ visuall

necessary, either to minimize certain types of distraction or to further support drivers. However,

the interactions between NDRT types and scenario characteristics are under-investigated. For
example, the influence of different NDRTs on drivers’ performance in silent failure scenarios
may differ from that in scenarios with proactive TORs, but empirical evidence is rare. Future
research should systematically examine how NDRTs influence takeover performance across

different takeover scenarios to inform the design of adaptive takeover request systems.
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4.5. Intervention strategies for safer control transition

This section reviews the intervention strategies proposed to support safer control

transitions in the included studies. These interventions typically fall into two main categories:

driver education and human-machine interfaces (HMIs) (Roberts, 2024). For HMIs, according

to K.-T. Chen et al. (2023), the essential information for facilitating safer takeover transitions

can be classified into four types: ODD boundary information, environment and traffic

information, automation transparency (e.g., the status, operations, and uncertainties of the

system), and vehicle diagnostics (e.g., hardware or software faults). The included studies

involving the above-mentioned intervention strategies are summarized in Table 5 by

intervention type and the type of information delivered to the driver. In Table 5, we have further

divided HMIs into two types based on whether information is provided on an ongoing basis

(i.e., sustained HMI) or only when a TOR is issued. Besides, a Sankey diagram (Figure 7)

illustrates the relationship between scenarios and intervention strategies. This diagram

incorporates data from 37 studies, with some studies featuring multiple combinations of

scenarios and intervention strategies. Consequently, the width of the links and nodes in the

Sankey diagram represents the frequency of these combinations rather than the number of

individual studies.

4.5.1. Prevalence of intervention strategies

Interestingly, our investigation revealed distinct preferences among various intervention

strategies regarding the type of information they provide. Notably, information about the ODD

boundary is primarily conveyed through driver education before driving automation is used.
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Conversely, automation transparency-related information is primarily conveyed through HMIs

in real time, and environmental and traffic information is mostly provided when the TOR is

issued. Besides, in terms of the scenarios, it is observed that the ODD boundary information

has been utilized to assist drivers in all types of scenarios, the environment and traffic

information plays an important role in tactical ODD exit scenarios, and the automation

transparency information is preferred in more urgent scenarios, including the operation ODD

exit and malfunction scenarios. Finally, none of the studies explored the impact of providing

vehicle diagnostics information on drivers’ takeover behaviors.

Table 5. Studies on intervention strategies to support control transition.

Drive education

HMI (TOR) HMI (sustained)

(Boelhouwer et al., 2019;
Chai et al., 2025; DeGuzman
& Donmez, 2024; Ebnali et
al., 2019; Hergeth et al.,

ODD 2017; C. Huang et al., 2024,
boundary T. Liuetal., 2018; Meteier et (Matsuo et al., 2024) (Seppelt & Lee, 2007)
information al., 2020; Roberts et al.,
2024; Zhou et al., 2019,
2020; Zhou, Itoh, et al.,
2021a, 2021b; Zhou, Kamijo,
etal., 2021)
(An et al., 2020; Q.
Chen et al., 2023;
Forster et al., 2017; W.-
C. Huang et al., 2024;
. Korber et al., 2018; Lai, (Meteier et al., 2020;
Environment . .
Tsai, et al., 2025; Prattico et al., 2025;
and traffic NA

information

Merlhiot & Yousfi, B. Yang et al., 2022;
2024; Qiu et al., 2025; Yu et al., 2025)
Saito et al., 2022; Wang
et al., 2022; Wright et
al., 2017, 2018; Wu et
al., 2023)
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(Cohen-Lazry et al.,
2020; Jung et al.,

Automation 2023a; S. Lee et al.,
NA (Zang & Jeon, 2025)
transparency 2023; Ono et al.,
2019; Prattico et al.,
2025)
Vehicl
yemee NA NA NA
diagnostics

Tactical ODD exit
ODD boundar}priver education
Elanning Proactive TOR
Strategic ODD,exit —
_ V. DUnplanned\ODD exit HMI (TOR)
o 1 \ ) Environment andtraffic
[ Scheduled TOR e A .
o Specification Insufficiency
Perception L _
Silent TOR. D Malfunction -
— . X HMI (sustained)
L D Operational ODD exit Automation transparency
Control
D [ Instant TOR == Planned ODD exit L —

Figure 7. Sankey Diagram of intervention strategies in different scenarios (with each

column indicating trigger phase, urgency level, source of harm, information type, and

type of intervention).

4.5.2. Effects of intervention strategies

It is generally found that adequate information regarding the ODD boundary of driving

automation can enhance drivers’ situation awareness (Meteier et al., 2020), takeover

performance (Ebnali et al., 2019; Hergeth et al., 2017; Zhou et al., 2019; Zhou, Itoh, et al.,

2021b), and trust in the system (Hergeth et al., 2017). However, the degree of enhancement
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varies depending on factors such as the form of training (e.g., video vs. simulator), and the

explicit level of the information (e.g., general introduction of the possibility of failures;

functional operations that the automation cannot perform, such as an automatic lane change; or

specifical scenarios that the system cannot handle, such as a fog zone). It has also been found

that providing illustrative examples of the limitations of driving automation can enhance drivers’

ability to generalize learned knowledge to unfamiliar scenarios, thereby improving their

takeover performance (T. Liu et al., 2018; Zhou et al., 2020; Zhou, Itoh, et al., 2021a). Besides,

the positive effect of ODD boundary information was observed to be more significant at the

early stage of driving automation use (Hergeth et al., 2017; Zhou et al., 2019).

In terms of HMI, providing additional environment and traffic information along with

TOR was found to be able to draw drivers visual attention back to the road (Saito et al., 2022),

enhance their hazard perception ability (Wright et al., 2017), situation awareness (Wang et al.,

2022), takeover quality (An et al., 2020; Forster et al., 2017; Wu et al., 2023), and lead to more

defensive driving behaviors (i.e., more brake pedal application and lower speed) (Wright et al.,

2018). Drivers’ self-reported understanding of the driving automation also increased when

environment and traffic information were provided (Korber et al., 2018). However, drivers’

reaction to the TOR can be delayed in proactive ODD exit scenarios when the HMI is provided

(An et al., 2020; Saito et al., 2022). Providing automation transparency information along with

TORs can benefit drivers’ situation awareness and takeover performance, but the amount of

information should be controlled to avoid distraction or suboptimal performance (Zang & Jeon,

2025). At the same time, providing ODD boundary information, along with TORs and the

reason for the system failure, can enhance drivers’ understanding of the situation and facilitate
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earlier response. Specifically, after experiencing TORs with ODD boundary information,

drivers can initiate a takeover more actively when the system fails to issue TORs in the future

(Matsuo et al., 2024).

Additionally, the positive effects of providing sustained information through HMIs were

also observed. Specifically, sustained information about the environment and traffic has been

found to be associated with higher perceived safety (B. Yang et al., 2022) and takeover quality

(Meteier et al., 2020), without delaying drivers’ reactions (Meteier et al., 2020; B. Yang et al.,

2022). Sustained information about the status and planned maneuvers of the driving automation

(i.e., automation transparency) can improve drivers’ visual attention allocation strategy (Cohen-

Lazry et al., 2020) and takeover quality (Jung et al., 2023a; S. Lee et al., 2023; Ono et al., 2019),

and even shorten their reaction time in takeover events (Jung et al., 2023a; S. Lee et al., 2023;

Ono et al., 2019).

5. Discussion and Implications

To bridge the gap between technical difficulties and users' perceptions of takeover

scenarios, we proposed a new taxonomy of safety-critical scenarios that require transferring

control from driving automation to human drivers. This taxonomy considers the reasons leading

to safety-critical scenarios from a technology perspective (i.e., source of harm), the nature of

driving tasks (i.e., trigger phase), and the time buffer for drivers to respond (i.e., urgency level).

It is thus compatible with both technology-oriented and behavior-oriented taxonomies in

industry and academia. Based on the new taxonomy, a systematic review of safety-critical

scenarios in existing empirical studies was conducted.
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5.1. Safety-critical scenarios adopted in previous research

First, although previous research has investigated approaches to improving takeover

quality in various safety-critical scenarios, most existing studies have focused on a limited set

of scenarios. The planning-related scenarios characterized by simple external trigger conditions,

such as encountering a static obstacle ahead or approaching a highway exit, are the most

common in previous research. Further, a majority of the studies focused on external-condition-

related critical scenarios but rarely considered internal faults of the driving automation.

Research has found that when users are aware of or informed about the causes of a system

failure, their trust in the system is less affected by the failure (Petersen et al., 2019). Thus,

though both internal-fault-related and external-condition-related failures may lead to the same

outcome (e.g., a crash into the front vehicle), drivers may perceive these two types of failures

differently and take different strategies to handle the scenarios (DeGuzman et al., 2020; Mishler

& Chen, 2023; Payre et al., 2023; Yao et al., 2020, 2021; Y. Zhang et al., 2023; Zhou et al.,

2020). As such, drivers’ performance and the effects of the countermeasures should be

evaluated across different scenarios.

However, very few studies have investigated how scenario heterogeneity affects drivers’

behavior and, in turn, performance in safety-critical scenarios. For those we identified (see

Table 4), different terminology and taxonomies were used, and the descriptions of the scenarios

were incomplete in some studies, making meta-analysis infeasible. Thus, a systematic approach

to categorizing these scenarios in human-driving-automation research is crucial and can guide

the design and strategies for driving automation to facilitate better transfer of control in safety-

critical scenarios. Our taxonomy can thus guide the selection and justification of scenarios for
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researchers and industry, ensuring that choices of safety-critical scenarios in experimental

designs and evaluations of driving automation are theoretically motivated rather than arbitrary.

Further, we defined the urgency level based on the lead time/existence of TOR in the

scenario. It was found that most scenarios adopted proactive TOR, which can be initiated

anywhere from a few seconds to tens of seconds before a crash. As we mentioned in our

taxonomy, such a TOR is only possible with a strategic or tactical ODD exit. However, the

driving automation at this stage is not good at handling tactical driving tasks (Llorca, 2021),

and initiating proactive TOR might be practically difficult (except for initiating proactive TOR

based on strategic ODD exit). In most of the driving-automation-involved accidents in recent

years, the system failed to initiate TOR (NTSB, 2017). Thus, although technological advances

may facilitate proactive TOR in the future, instant and silent TOR may be more safety-critical

and warrant greater attention. Future research should prioritize these underexplored scenario

types to develop a more complete understanding of takeover challenges.

5.2. Approaches to improve the takeover performance in safety-critical scenarios

Scenarios with varying failure types and urgency levels pose distinct challenges for drivers,

necessitating specific knowledge, skills, and levels of situational awareness (McCall et al.,

2016). Thus, different information may be needed to support drivers in these scenarios (K.-T.

Chen et al., 2023; Roberts, 2024). For example, vehicle diagnostics information may be

preferred for internal faults (S.-H. Chen et al., 2011); but automation transparency information

(S. Lee et al., 2023), environment and traffic information (Zhou, Kamijo, et al., 2021), and

ODD boundary information (Zhou, Kamijo, et al., 2021) may be needed for drivers to judge
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the necessity of actions in external-fault-related scenarios. These strategies can complement

each other to improve drivers' takeover performance in various safety-critical situations.

Further, in previous research, educating drivers about the ODD boundary of driving

automation has been found to enhance their takeover performance in ODD exit (Boelhouwer et

al., 2019; Meteier et al., 2020), specification insufficiency (T. Liu et al., 2018; Zhou et al., 2020),

and malfunction scenarios (Zhou, Itoh, et al., 2021a; Zhou, Kamijo, et al., 2021). However, the

effectiveness of driver education may diminish over time. Thus, providing sustained ODD

boundary information through in-vehicle HMIs may also work (Seppelt & Lee, 2007), but has

been underinvestigated. Previous research also found that providing environment and traffic

information (Wu et al., 2023; B. Yang et al., 2022; Zhou, Kamijo, et al., 2021) or automation-

transparency-related information (Cohen-Lazry et al., 2020; Jung et al., 2023b; S. Lee et al.,

2023; Ono et al., 2019) through HMIs can improve drivers' takeover performance. However,

additional information during TOR issuance (e.g., verbal messages or visual cues that inform

drivers of potential hazards) has been found to delay drivers’ reactions (An et al., 2020; Saito

et al., 2022), possibly due to increased mental workload. Thus, enhancing drivers’ own

capability to anticipate and respond to external hazards may help.

Thus, vehicle manufacturers should adjust their warning strategies for driving automation

accordingly, for example, providing progressive alerts for scheduled TORs, clear environmental

and traffic information for instant TORs, and automation transparency information and fail-safe

mechanisms for silent TORs. They should also consider the joint effects of safety-critical

scenarios and driver states (e.g., whether the driver is engaging in NDRT, Pan et al., 2025;

Shahini et al., 2023) on takeover performance, and adjust warning strategies based on driver
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state monitoring. Further, for regulatory agencies, our taxonomy and review highlight the need

for standardized training programs to help drivers understand the various challenges they may

encounter when using driving automation, as driver expectations and mental models of

automation capabilities have been found to influence takeover performance (Zhou, Itoh, et al.,

2021c; Zhou, Kamijo, et al., 2021). This is especially urgent, as we currently lack widely

accepted procedures for training and evaluating users of driving automation.

6. Conclusion

The rapid advancement of driving automation technologies has raised the concern of

traffic safety. While scenario-based methods have been widely adopted to evaluate the safety

of driving automation, existing approaches predominantly focus on the technical aspects of

safety-critical scenarios. For systems with partial and conditional automation, where human

intervention may be necessary, integrating human factors is essential. In response, we

introduced a structured taxonomy of safety-critical scenarios for partially and conditionally

automated vehicles, aiming to bridge gaps in the existing literature. This taxonomy provides a

comprehensive framework that considers technological difficulties, the nature of driving tasks,

and drivers' capabilities. It is thus compatible with previous taxonomies from both academia

and industry. We then conducted a systematic review of safety-critical scenarios in empirical

studies, using our proposed taxonomy. We identified several major research gaps, including

highly unbalanced scenario types used in previous studies, insufficient understanding of

discrepancies in information needs across scenarios, and a lack of diversity in interventions for

specific scenarios. Overall, this study offers valuable insights for researchers, manufacturers,
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and policymakers, though further empirical research is needed to validate the effectiveness of

our taxonomy.
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Terminology

ADAS

Advanced driving assistant system

TOR

Takeover request

TORIt

Takeover request lead time
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Human-machine interface
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DDT

Dynamic driving task

OEDR

Object and event detection and response

FuSa

Functional safety

SOTIF

Safety of the intended functionality
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