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The safe deployment of autonomous vehicles depends on their ability to perceive, handle, and validate safety-critical scenarios, namely
rare but complex situations that are highly relevant to real world safety risks. Different from previous surveys on safety-critical scenarios
in autonomous driving, this survey systematically reviews safety-critical scenarios from three perspectives: methods, benchmarks,
and verification pipelines. We first introduce a five-domain taxonomy that organizes existing methods from geometry-based safety
estimation and deep risk anticipation to risk grounding, uncertainty-aware control, and integrated control with world models and
vision-language models. We then review traffic accident datasets and critical scenario benchmarks. Based on these datasets and
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benchmarks, we further derive thirty representative critical scenarios for evaluation and benchmark design. Finally, we summarize
verification pipelines and outline future directions. The review shows that current studies are moving toward closed-loop safety
assurance, but standardized benchmarks, uncertainty-aware control, and traceable validation evidence remain insufficient.
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1 Introduction

As technological and industrial advancements continue to accelerate, autonomous driving systems (ADS) have emerged
as an important application area for integrating advances in artificial intelligence [1–8], the Internet of Things [9–17],
cloud computing, information and communication technologies [18–22], and big data [23–29]. The development and
deployment of ADS are expected to contribute to changes in the automotive industry, enhance traffic safety and
efficiency, reduce energy consumption and emissions, and reshape individual mobility patterns.

Despite rapid progress from advanced driver-assistance systems [30–33] to higher-level autonomous driving systems
(ADS) [34–36], and from standalone to connected vehicles, current technology remains far from achieving reliable
unmanned driving. Public reports [37–39] indicate that vehicles equipped with advanced automated functions continue
to be involved in high-profile crashes, raising concerns about their real world safety. For instance, Google’s Waymo,
often regarded as a frontrunner in autonomous driving, still requires approximately 0.18 manual interventions per 1,000
miles during testing; without these disengagements, incident statistics suggest that an accident would occur on average
every 130,487 km [40]. These observations highlight that safety, rather than perception accuracy or comfort alone, has
become the bottleneck for large-scale deployment.

An analysis of representative accident cases involving ADS in Table 1 reveals several key characteristics. First,
the risk factors faced by ADS are diverse, encompassing adverse weather conditions [41], vulnerable road users [42],
infrastructure defects [43], rare behaviors of surrounding traffic participants [44], and multi-source coupled conditions.
Second, many failure modes differ fundamentally from conventional human errors or single-component faults and
cannot be anticipated solely through traditional traffic experience. Third, such failures typically reside in the long-tail
of the intended operation, including rare cases within the operational design domain (ODD) [45], near its boundary, or
during ODD exit and violation conditions. They emerge only after hundreds of millions or even billions of kilometers
of accumulated driving, making it impractical to rely on brute-force road testing to expose all relevant risks. In other
words, ADS risk conditions are often complex, stochastic, rare, severe, and difficult to reproduce. These properties
define critical scenarios and make them challenging for both methods design and safety validation.

Against this backdrop, safety assurance for ADS can no longer be framed as generic performance improvement, but
must explicitly target the modeling, prevention, and testing of critical scenarios. Existing surveys have reviewed scenario-
based safety assessment, critical scenario identification, and safety-critical scenario generation [53–55], or examined
AI for safety-critical systems, deep learning for autonomous driving, and world models from broader methodological
perspectives [56–60]. Most of them focus on either identifying or generating critical scenarios, or assessing ADS safety
through scenario-based testing. The safety assurance process that connects open-loop risk perception, structured risk
grounding, closed-loop control, benchmark evaluation, scenario construction, and verification and validation evidence
Manuscript submitted to ACM
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Table 1. An overview of typical autonomous driving accidents in recent years.

Date Accident Description Cause
Jun. 1st 2020 A Tesla Model 3, equipped with the Autopilot system,

crashed directly into a rolled-over white truck on a
highway in Taiwan, China [46].

The Autopilot failed to recognize the truck due
to the daylight and the truck’s white body.

Mar. 11th 2021 A Tesla Model Y, equipped with the Autopilot system,
collided with the cargo container of a white truck in
the suburbs of Detroit, USA [47].

The Autopilot system mistakenly classified the
truck’s cargo container as the sky, a misidentifi-
cation attributed to its white hue.

May 5th 2021 A Tesla Model 3 crashed into an overturned truck in
California, resulting in the death of its owner [48].

The Autopilot failed to recognize the truck due
to high luminance during the daylight and the
truck’s white exterior.

Feb. 6th 2024 A Waymo robotaxi in San Francisco collided with a
cyclist at a four-way stop after starting to move from a
stop [49].

The ADS underestimated risk from a partially
occluded cyclist, revealing limits in vulnerable
road user (VRU) prediction and yielding.

Mar. 29th 2025 A Xiaomi SU7 with highway navigation on autopilot
(NOA) crashed into work-zone barriers on the De-Shang
Expressway, causing the death of its owner [50].

The NOA showed limited ability in recognizing
and handling complex work-zone geometry and
relied on rapid human takeover.

Apr. 8th 2025 A Zoox robotaxi in Las Vegas at >40 mph collided with
a car slowly protruding from a side access lane and
stopping [51].

The ADS made an over-confident wrong pre-
diction of the side vehicle’s path, leading to an
unsafe evasive maneuver.

Aug. 6th 2025 A Baidu Apollo Go robotaxi in Chongqing drove
through temporary barriers into a construction pit, in-
juring passengers [52].

Inconsistency between high-definition (HD)
map, perception and the actual work-zone clo-
sure, plus weak ODD management for such
scenes.

is still less systematically summarized. By contrast, this survey adopts a closed-loop perspective to examine ADS safety
in critical scenarios. Specifically, the survey (i) reviews prevention and control methods that handle critical scenarios
in a closed-loop manner, (ii) summarizes traffic accident datasets and critical scenario benchmarks that support the
modeling and evaluation of such situations, and (iii) discusses scenario-based verification and validation techniques that
integrate simulation, scenario generation, X-in-the-Loop (XiL), and real-vehicle experiments into a safety assurance
framework. Table 2 positions the survey relative to representative prior surveys.

The main contributions of this paper are summarized as follows:

(1) We introduce a taxonomy that categorizes critical scenario methods into five domains. This taxonomy shows
that research on safety-critical scenarios is shifting from open-loop risk perception toward closed-loop risk
handling. Building on this taxonomy, we analyze the strengths and limitations of existing methods in terms of
risk modeling fidelity, interpretability, and their integration with downstream planning and testing pipelines.

(2) We integrate heterogeneous traffic accident datasets and derive a catalog of thirty representative critical scenar-
ios for controller evaluation. This catalog connects dataset annotations, scenario semantics, and closed-loop
benchmark requirements, helping bridge the gap between data collection and executable testing of safety-critical
scenarios. The analysis shows that current datasets cover common highway and urban conflicts relatively well,
but still underrepresent rural hazards and compound environmental conditions.

(3) We summarize a scenario-based verification and validation architecture that connects scenario construction,
simulation, XiL testing, virtual-real fusion, and real-vehicle evaluation. This survey highlights the need to
transform generated critical scenarios into traceable validation processes, so that scenario design, test execution,
and safety evidence can better support ADS deployment.
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Table 2. Comparison with existing surveys on safety-critical scenarios and safety assurance for autonomous driving.

Survey Main focus Critical scenarios Closed-Loop control Benchmarks XiL Safety evidence
Riedmaier et
al. [53]

Scenario-based
safety assessment

Partial × Partial Partial ✓

Zhang et
al. [54]

Critical scenario
identification

✓ × Partial × Partial

Ding et
al. [55]

Safety-critical
scenario genera-
tion

✓ × Partial Partial Partial

Gao et
al. [61]

Foundation mod-
els for scenario
generation

Partial Partial Partial × ×

Perez-
Cerrolaza et
al. [56]

AI for safety-
critical systems

Partial Partial × × ✓

Zhao et
al. [57]

Deep learning for
ADS

Partial Partial Partial × ×

Ding et
al. [58]

World models
and future predic-
tion

Partial Partial Partial × Partial

This survey Critical scenario
centered ADS
safety assurance

✓ ✓ ✓ ✓ ✓

A summary of this survey’s structure is presented in Fig. 1. The remainder of the survey is organized as follows.
Section 2 presents a closed-loop taxonomy of methods for preventing and handling critical scenarios and summarizes
representative approaches and related benchmarks. Section 3 reviews scenario construction techniques, verification and
validation methods for ADS. Section 4 discusses open challenges and future research directions. Section 5 concludes the
paper.

2 Risk Perception, Closed-Loop Control Strategies, and Benchmarking Methods

2.1 Critical Scenario Definition

While the general concept of a scenario is well established in standards such as ISO 21448 [62] and foundational
studies [63, 64], this survey focuses on critical scenarios. A scenario describes the temporal evolution of road layout,
dynamic actors, and environmental conditions. In contrast to nominal driving, a critical scenario contains risk factors
that increase the likelihood or severity of hazards [65, 66]. From a system verification perspective, recent studies further
define such scenarios as specific parameter combinations that can induce unsafe states [67], or as dangerous near misses
without collision that challenge the control boundary of an ADS [54].

Synthesizing these perspectives, we define a critical scenario as a traffic situation that is relevant to the intended
operation or ODD management of an autonomous driving system and, due to adverse combinations of actors, en-
vironment, infrastructure, and system state, exhibits an elevated risk of collision, loss of control, or unsafe fallback.
Such scenarios may occur within the declared ODD, near its boundary, or during ODD exit and violation conditions.

Manuscript submitted to ACM
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Fig. 1. Overview of the survey framework for safety-critical scenarios. The figure provides a section-aligned map of the survey, where
the top axis shows the paper organization and the lower rows summarize five levels of content: scenario definition and risk boundary,
closed-loop control methods, datasets and benchmarks, scenario construction and validation pipelines, and open challenges. Together,
these levels show how safety-critical scenarios are defined, modeled, evaluated, instantiated, and validated in autonomous driving
safety assurance.

This definition covers both near-miss and pre-crash situations, as well as ODD-boundary cases that challenge percep-
tion, decision-making, planning, control, fallback, and safety assurance. Subsequent sections focus on the modeling,
prevention, benchmarking, and verification and validation of such critical scenarios.

2.2 Methods for Preventing Critical Scenarios

From a methodological perspective, existing work on critical scenario prevention and control in autonomous driving
can be grouped into five categories. Category I comprises geometry-based safety estimation from trajectory prediction.
These methods follow the classical “detection–tracking–trajectory prediction–risk evaluation” pipeline, in which
autoregressive integrated moving average (ARIMA) [68–70], support vector machine (SVM) [71, 72], hidden Markov
model (HMM) [73–75] or kinematic model–based [76–78] predictors extrapolate future motions and then compute
surrogate safety indices such as minimum inter-vehicle distance, time-to-collision (TTC), post-encroachment time,
or trajectory variance. Violations of analytically defined safety envelopes are mapped to collision risk and used to
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trigger automatic emergency braking (AEB) or lane keeping interventions. Such approaches are computationally
lightweight and provide clear physical interpretability, but they typically assume simple interaction models and struggle
in interactive urban scenes with complex multi-agent negotiations or occlusions.

Category II covers deep accident anticipation models that predict scalar risk signals from short video clips, typically
including frame-wise accident probabilities and time-to-accident (TTA) curves. A common instantiation is relation-
aware modeling via spatiotemporal interaction graphs, where objects are treated as nodes and relative geometry
as edges, and multi-frame evidence is aggregated by graph convolutional network (GCN) [79, 80] or graph neural
network (GNN) [81, 82] modules coupled with recurrent neural network (RNN) [83], gated recurrent unit (GRU) [84] or
Transformer backbones [85–87]. In parallel, many works adopt object-centric temporal encoders without an explicit
graph, using detected objects as tokens and learning a compact latent state whose evolution supports risk and TTA
prediction. Early-warning losses further encourage earlier anticipation by emphasizing frames closer to the accident. As
illustrated in Fig. 2(a), chain-of-thought (CoT)-guided multimodal accident anticipation [88] instantiates this category
by fusing object detections, motion cues, language-style scene descriptions, and driver-attention maps into a unified
temporal predictor that outputs frame-wise accident probabilities and TTA curves, enriching purely geometric or
relational cues with higher-level semantics. AccNet [89] extends object interaction modeling into three dimensions by
combining monocular depth, 3D collision graphs, and the BA-LEA loss, achieving larger mean TTA in urban scenes
while preserving a physically meaningful notion of risk. EQ-TAA [90] augments scalar risk learning with generative,
causality-aware self-supervision: attentive video diffusion synthesizes pseudo-accident/pseudo-normal clips, and an
equivariant triple loss enforces representation consistency across real and counterfactual samples, improving robustness
under limited labels. W3AL [91] can also be viewed as a lightweight instance in this category, where MobileNet-style
encoders, temporal attention, and GRUs jointly model scene-level and object-level features to produce frame-wise
accident probabilities that feed subsequent modules. Compared with purely geometric methods, Category II models
better capture nonlinear interactions and semantic cues, but their scalar outputs provide limited guidance on which
actor, region, or interaction should be constrained during planning.

Category III targets structured risk grounding for control, extending scalar risk estimation to answer not only "how
risky" but also "where" and "who" is risky. Instead of outputting only a frame-level probability or TTA curve, Category
III methods predict spatially grounded cues such as risk heatmaps, high-risk agent sets, localized accident participants,
or pixel-/box-level hazard regions, often augmented with textual rationales. For closed-loop planning, these grounded
outputs are more actionable than scalar scores because they can be converted into agent-specific yielding rules, spatial
no-go regions, or shielding constraints around localized hazards. Fig. 2(b) highlights the type of supervision and
evaluation that Category III relies on. In particular, the intent-aware annotation schema of ImagiDrive [92] assigns
each key agent a bounding box, relative position, and motion intent, together with natural language descriptions and
binary "be cautious" recommendations, providing exactly the spatial and semantic control cues that Category III models
aim to predict. Bridge methods such as W3AL [91] illustrate this transition by complementing accident likelihood
and TTA prediction with accident-involved object localization. SafePLUG [93] pushes grounding granularity further
by introducing region-level and pixel-level visual question answering for accident videos with dense segmentation
masks and multimodal queries about hazardous agents and zones. Although SafePLUG is primarily a benchmark suite
for fine grained accident understanding rather than a closed-loop controller, its pixel-accurate hazard regions and
textual rationales can serve as high resolution control primitives, enabling planners to reason about "who is dangerous,
where they are, and why" instead of acting on a single scalar score. Compared with Categories I–II, Category III offers

Manuscript submitted to ACM



Safety-Critical Scenarios for Autonomous Driving: A Survey of Methods, Benchmarks, and Verification Pipelines 7

Observation
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Fig. 2. Overview of representative methods for preventing critical scenarios. (a) Category II (Deep Risk Anticipation): temporal
reasoning over objects, motion, and attention cues is used to estimate risk scores and provide warnings or planning triggers. (b)
Category III (Risk Grounding): spatial-semantic grounding localizes risky agents, hazard regions, and textual cues, which can be
converted into constraints for downstream planning. (c) Category IV (Uncertainty-aware Control): uncertainty modeling and
quantification are incorporated into policy optimization to support robust action selection under uncertain observations. (d) Category
V (WM/VLM-based Integrated Control):WMs and VLMs support future imagination or rollout, enabling action generation.

improved interpretability and potential for rule-based shielding but typically incurs higher annotation and computation
costs and remains underexplored in closed-loop autonomy stacks.

Category IV moves beyond passive risk estimation by embedding predicted risk and uncertainty into decision-making
and control. As shown in Fig. 2(c), this category typically follows a risk–uncertainty–policy pipeline, where uncertainty
estimates adjust warning thresholds, enlarge safety margins, or trigger more conservative actions when the model is
less confident. For example, robustness-aware accident anticipation [94] formulates warning issuance as a long-horizon
decision problem. In this framework, generative modeling improves robustness under adverse visual conditions, while
an actor–critic policy optimizes when to raise an alert under decaying rewards and fixed penalties. This example shows
that uncertainty-aware control is not limited to estimating whether a scene is risky; it further determines how the system
should respond under uncertain observations. Diffusion models provide a representative generative tool for extending
this idea fromwarning-level decision-making to trajectory-level planning. By sampling multi-hypothesis futures, diverse
trajectory candidates, or risk-conditioned motion distributions, diffusion models can represent uncertainty in future
interactions and provide richer inputs for downstream policy optimization. They can also be used to refine candidate
motions, as summarized in Fig. 3. At the policy-learning level, decision-constrained accident-aware reinforcement
learning (DCARL)-style systems [95] embed anticipated risk and uncertainty into a Markov decision process (MDP)
or reinforcement learning (RL) loop, enabling the driving policy to adapt online to evolving risk patterns. Overall,
Category IV methods are closer to closed-loop autonomy than scalar accident anticipation because they directly connect
risk assessment, uncertainty modeling, and action selection. However, they are also more demanding in terms of data,
online computation, and safety validation, and existing methods still lack formal guarantees under distribution shift.
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(a) Diffusion as direct policy 

(c) Diffusion as proposal refiner (d) Diffusion as world-model and multimodal policy

(b) Diffusion as multimodal policy

Observation Diffusion
model Trajectory

Denoise

Observation Diffusion
model Trajectory
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Guided
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Diffusion
model

Trajectory
head Observation

Diffusion
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Trajectory
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Scene Generation 
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trajectory
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Trajectory
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Fig. 3. Representative diffusion-based paradigms. (a)Diffusion as direct policy: diffusion models directly denoise trajectory samples
conditioned on observations. (b) Diffusion as multimodal policy: guided diffusion generates diverse trajectory hypotheses under
route, goal, or interaction conditions. (c) Diffusion as proposal refiner: diffusion models refine candidate trajectories produced by
an upstream trajectory head. (d) Diffusion as world model and multimodal policy: diffusion-based planning is coupled with
future scene generation or rollout to generate actions under uncertainty.

Category V represents an integrated control paradigm based on world model (WM) and vision-language model
(VLM). Different from scalar accident anticipation or localized risk grounding, this category aims to use semantic
reasoning and future imagination to support action generation in closed-loop driving. As summarized in Fig. 2(d), the
key idea is to transform current observations into future scene representations or rollouts, which are then used to guide
decision-making, planning, or direct action prediction. Within this category, WM/VLM modules can be integrated
into the driving stack in several ways, as illustrated in Fig. 4. First, a WM/VLM can serve as a scene encoder [96, 97],
where high-level semantic or predictive representations are extracted from observations and passed to a downstream
planner. Second, it can operate as an asynchronous secondary system [97–100], where a slow WM/VLM reasoning
module provides conditions or guidance to a fast planner that runs at the control frequency. Third, it can act as a critic
or verifier [101, 102], evaluating candidate trajectories according to semantic risks, traffic rules, or future interaction
outcomes before the final trajectory is selected or revised. Fourth, it can be incorporated into an end-to-end model
[100, 101, 103–106], where reasoning and action tokens are generated within a unified architecture.

FSDrive [107] is a representative example of this category. Rather than predicting only a risk score or a time-to-
accident (TTA) curve, FSDrive uses a large VLM to parameterize a visual world model that imagines future driving
contexts. Given current observations, it generates structured future perception representations, such as lane markings
and 3D bounding boxes, as intermediate spatiotemporal tokens. Conditioned on these predicted tokens, the model
directly outputs control commands or trajectories. In this way, accident anticipation, risk interpretation, and motion
planning are integrated within a unified framework. Recent works further explore different forms of WM/VLM-based
control. ImagiDrive [92] integrates a VLM-based driving agent with a scene imaginer in a recurrent planning process:
the agent first proposes a trajectory, the imaginer generates future frames conditioned on this trajectory, and the
imagined frames are then used to refine the plan. Policy World Model (PWM) [108] unifies world modeling and planning
Manuscript submitted to ACM
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(a) WM/VLM as scene encoder

(d) WM/VLM as end-to-end model 

(b) Asynchronous WM/VLM as secondary system
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Planner Observation Planner (fast system) 
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Trajectory

Trajectory
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tion WM/VLM

Trajectory
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Reasoning Action (Text/Tokenization)

(c) WM/VLM as critic

Observation WM/VLM

Candidate Trajectories

TrajectoryTrajectories

Fig. 4. Representative WM/VLM paradigms. (a) WM/VLM as scene encoder: the WM/VLM extracts semantic or predictive
representations from observations and provides them to a downstream planner. (b)WM/VLM as asynchronous secondary system:
a slow WM/VLM reasoning module provides conditions or guidance to a fast planner running at the control frequency. (c) WM/VLM
as critic: the WM/VLM evaluates candidate trajectories according to semantic risks, traffic rules, or future interaction outcomes. (d)
WM/VLM as end-to-end model: reasoning and action generation are integrated within a unified model for direct trajectory or
action prediction.

in an end-to-end Transformer, using predicted future states as rationales for action prediction. DriveVLA-W0 [109]
emphasizes deployability by using future frame prediction as dense self-supervision while introducing a lightweight
action expert for real-time control. Controllable video world models, such as VideoGPT [110], can further support
multiple future hypotheses and counterfactual evaluation, which is useful for planning under occlusion and long-horizon
uncertainty. Despite these advantages, Category V also introduces new safety challenges. First, future rollout and
WM/VLM inference can impose substantial computational cost. Second, safety constraints are often learned implicitly
from data rather than formally verified. Third, generated futures may be sensitive to prompts, training distributions, or
visual ambiguity. For safety-critical scenarios, the key issue is not only whether the imagined future is visually plausible,
but also whether its error can be detected and prevented from inducing unsafe planning decisions. Future progress
should therefore move beyond visually plausible generation toward verifiable imagination, uncertainty-calibrated
rollout evaluation, and constraint-aware action selection.

Table 3 summarizes representative pipelines from the perspectives of model family, input modality, and intermediate
cues for risk prediction and prevention. Overall, the literature shows a clear progression from low dimensional geometric
surrogates to deep temporal and relational models, and then to richer cues such as attention, 3D consistency, and future
tokens generated by WMs and VLMs. Compared with scalar risk scores, these cues provide more structured information
for downstream decision making and closed-loop control.

2.3 Traffic Accident Scenario Datasets

From the data perspective, traffic accident scenario datasets form the empirical backbone for the control methods. Early
traffic accident datasets are primarily designed to support tasks such as accident detection, accident type classification,
and identification of involved objects [129]. The A3D dataset [130] provides annotations for accident categories,
bounding boxes of involved objects, and timestamps indicating when accidents are identified. DoTA [131] extends
A3D by incorporating more videos and richer annotations, including anomaly types, related objects, and tracking IDs.
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Table 3. Representative prior works on preventing safety-critical scenarios. DSA = dynamic soft attention; CNN = convolutional
neural network; RNN = recurrent neural network; GCN = graph convolutional network; BNN = Bayesian neural network; GRU =
gated recurrent unit; GNN = graph neural network; LSTM = long short-term memory; DSTA = dynamic spatiotemporal attention;
RGB = red–green–blue image. "Closed-loop use" indicates how each method’s outputs can be consumed by an autonomy stack,
namely as trigger, cost, constraint, policy, or within an imagination loop.

Methods Year Models Inputs Key supervision Closed-loop use

Hu et al. [111] 2003 3D model Grayscale frames trajectory
interaction Constraint

Shan et al. [112] 2014 Autoregression vehicle position object distance Trigger
Chan et al. [113] 2016 DSA, RNN RGB object interaction Trigger
W. Bao et al. [114] 2020 RNN, GCN, BNN RGB object interaction Trigger
H. Kim et al. [115] 2021 Domain Adaptation RGB, bounding boxes frame clip feature Trigger

Drive [116] 2021 CNN RGB frame-level
hidden state Trigger

Karim et al. [117] 2021 GRU RGB frame riskiness Trigger
COLLIDE-PRED [118] 2021 Transformer RGB object distance Trigger
Malawade et al. [119] 2022 GNN, LSTM RGB object feature relationships Trigger

Karim et al. [120] 2022 DSTA, GRU RGB frame-level
hidden state Trigger

Karim et al. [121] 2023 GRU RGB, optical flow frame riskiness Trigger
GSC [122] 2023 GCN RGB object interaction Trigger

Fang et al. [123] 2023 Transformer, GCN, RNN RGB, driver
attention maps

frame-level
hidden state Trigger

AccNet [89] 2024 3D GCN, GRU RGB, depth 3D object
interaction Trigger

W3AL [91] 2024 CNN, GRU, LLM RGB,
bounding boxes

frame riskiness,
actor localization Trigger

EQ-TAA [90] 2025 Transformer,
Diffusion RGB causal consistency

triple loss Trigger

FSDrive [107] 2025 VLM, WM,
policy head RGB, HD map future perception

CoT Policy

ImagiDrive [92] 2025 VLM agent,
driving WM RGB, map future frame

rollout feedback Imagination loop

PWM [108] 2025 Transformer,
policy WM RGB future rollouts

as rationales Policy

DriveVLA-W0 [109] 2025 VLA, WM,
MoE action expert RGB future prediction

self-supervision Policy

DrivingGPT [124] 2025 AR Transformer RGB, action tokens image-action
token prediction Policy

Epona [125] 2025 AR diffusion WM RGB, trajectory future video and
trajectory prediction Policy

WorldDrive [126] 2026 DWM, planner RGB, trajectory vocabulary future scene and
motion representation Policy

UniDrive-WM [127] 2026 VLM, WM multi-view RGB, instructions trajectory-conditioned
future image Policy

DynVLA [128] 2026 VLA, dynamics tokenizer RGB, BEV, actions future dynamics tokens Policy

The CCD dataset [114] further offers accident causes for each video sequence, while DADA [132] explores the role
of driver attention in traffic accident prediction by collecting eye-gaze data. Building upon these foundational works,
DADA-Seg [133] refines a subset of 313 video sequences with fine grained segmentation masks for semantic objects.
Although these datasets have significantly advanced vision-based traffic accident analysis, they primarily support
coarse-grained tasks and lack detailed language annotations. These early benchmarks are mainly tailored to vision-based
traffic accident detection, where the focus is on spatiotemporal localization of short accident windows (typically 20–60
frames) in long-tailed, imbalanced data, making models vulnerable to background confounding and dataset bias. Most
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of them are restricted to dashcam or surveillance RGB videos with limited coverage of adverse weather, nighttime
conditions, and diverse road geometries. Only a few [134, 135] explore synthetic or Vehicle-to-Everything (V2X) settings,
which constrains their scalability for studying rare, safety-critical scenarios in open-world traffic.

To move beyond coarse accident detection toward higher level understanding and causal reasoning, recent datasets
increasingly couple video with language through question answering (QA). SUTD-TrafficQA [136] is the early large-scale
benchmark and offers video-QA pairs, such as accident description, forecasting, and reasoning. MM-AU [137] provides
textual annotations that cover three aspects of traffic accidents: causality, prevention strategies, and accident types.
TAU-106K [138] advances this direction with questions requiring temporal localization and spatial grounding, where
textual answers include timestamps and bounding box coordinates. The RoadSocial dataset [139] further broadens the
task scope with diverse video QAs for general road events. Meanwhile, AV-TAU [140] enriches the multimodal context
of traffic accident scenarios by incorporating audio signals. SafePLUG-Bench [93] further advances the field by uniquely
supporting both region-level QA and pixel-level grounding QA. A comprehensive comparison detailing the specific
features, annotation types, and sensor modalities of these datasets is summarized in Table 4. Despite this progress,
current QA-style benchmarks remain predominantly limited to 2D sensing without dense 3D or bird’s-eye view (BEV)
data, indicating a need for future multimodal, 3D-aware benchmarks that capture long-tail near-miss dynamics for
safety assessment. Recent surveys on LiDAR-based place recognition further highlight the importance of 3D sensing
for robust autonomous driving perception and localization [141].

Beyond the task- and annotation-level comparisons, this section distills the accident and near-miss situations covered
by existing datasets into a compact catalogue of thirty representative critical scenarios (Table 5) for controller-oriented
testing and benchmark design.We first collected scenario descriptions, anomaly types, and author- or annotator-provided
tags from the datasets in Table 4, and then normalized them according to the ISO 34502 road–traffic–environment
layering. The normalized schema considers road context, key actors, conflict topology, and environmental stressors.
Based on this schema, recurring situations were grouped into scenario families, and representative cases were selected
to balance coverage and usability. The resulting catalogue is organized by road type, test function, scenario description,
environmental condition, and compact tags. These tags encode the main conflict pattern and stressor profile of each
scenario, linking high-level scenario semantics to control-relevant test cases. They also support coverage analysis,
showing that existing datasets cover common highway and urban conflicts relatively well, while rural hazards and
compound environmental conditions remain less represented.

2.4 Critical Scenario Benchmarks

Traditional benchmarks have mainly focused on nominal driving conditions, leaving many critical safety challenges
insufficiently tested. For instance, nuScenes provides open-loop metrics and an imbalanced validation set in which 75%
of scenarios involve straightforward driving. Such evaluations seldom reveal how models handle rare but high risk
events. In real driving, critical scenarios occur in less than 0.03% of daily driving, yet they have disproportionate safety
importance. To address this gap, several new benchmarks explicitly target critical scenarios beyond simple highway or
straight-road driving. Benchmarks like Bench2Drive [155], NAVSIM v2 [156] and WOD-E2E [157] push evaluation into
interactive, long-tail traffic situations where current models struggle.

As illustrated in Fig. 5(a), Bench2Drive is a closed-loop evaluation benchmark developed in CARLA [158]. It expands
the coverage of interactive maneuvers, including lane changes, merging, and unprotected intersection traversal.
Compared with CARLA Leaderboard v2, Bench2Drive provides broader and more fine grained evaluation through 44
scenario types and 220 short routes. Table 6 further reports closed-loop metrics and a multi ability test, which helps

Manuscript submitted to ACM



12 Song et al.

Table 4. Existing traffic accident datasets. FPV = First-person View (egocentric dashcam videos); TPV = Third-person View (roadside
or surveillance cameras); BEV = Bird’s-eye View; Bbox = Bounding Box; Mask = pixel-wise segmentation mask; TG = Temporal
Grounding; D/N = Day/Night; U/S/R/H = Urban/Suburban/Rural/Highway; Urban (sim) = urban scenes generated in simulation; Var.
= varied or diverse conditions mentioned by the dataset but not provided as explicit structured annotations; Syn. = synthetic data
generated in simulation environments.

Dataset Year Frames View Annotations Traffic Condition
Bbox Mask TG Weather Time Region

DAD [113] 2016 175K FPV ✓ – ✓ – – –
CADP [142] 2018 518K TPV ✓ – ✓ Var. Var. –
NIDB [143, 144] 2018 1.30M FPV – – ✓ ✓ ✓(D/N) U/S/R/H
A3D [130] 2019 208K FPV – – ✓ Var. – Var.
GTACrash [134] 2019 228K FPV ✓ – ✓ Var. Var. Var.
VIENA2 [145] 2019 2.25M FPV – – ✓ ✓ ✓ U/S/R/H
Drive-Anomaly106 [146] 2019 11K FPV – ✓ ✓ Var. Var. –
RetroTrucks [147] 2020 36K FPV – – – Var. Var. Var.
ADV [148] 2020 10K FPV ✓ – ✓ – – –
CTA [149] 2020 853K FPV+TPV ✓ – ✓ Var. Var. Var.
DADA [132] 2021 658K FPV – – ✓ ✓ ✓(D/N) U/S/R/H
DADA-Seg [133] 2021 12K FPV – ✓ ✓ ✓ ✓(D/N) U/S/R/H
CCD [114] 2021 75K FPV ✓ – ✓ ✓ ✓(D/N) U/S/R/H
SUTD-TrafficQA [136] 2021 1.90M FPV+TPV – – – Var. Var. Var.
DoTA [131] 2022 732K FPV ✓ – ✓ ✓ ✓(D/N) U/S/R/H
MP-RAD [150] 2022 366K TPV – – ✓ ✓ ✓ –
TRA [151] 2022 43K FPV – – ✓ – – –
TAD [152] 2022 298K TPV ✓ – ✓ – – U/S/R/H
DeepAccident [135] 2023 57K FPV+TPV ✓ ✓ ✓ ✓ ✓ Urban (sim)
CTAD [153] 2023 792K TPV – – ✓ ✓ – Urban (sim)
ROL [121] 2023 100K FPV ✓ – ✓ ✓ ✓(D/N) U/S/R/H
MM-AU [137] 2024 2.19M FPV ✓ – ✓ ✓ ✓(D/N) U/S/R/H
TAU-106K [138] 2025 – FPV+TPV+Syn. ✓ – ✓ Var. Var. Multi-region
Nexar [154] 2025 1.70M FPV – – ✓ ✓ ✓ U/S/R/H
RoadSocial [139] 2025 14M FPV+TPV – – ✓ Var. Var. 100+ countries
AV-TAU [140] 2024 3.16M FPV+TPV – – ✓ Var. Var. Multi-region
SafePLUG-Bench [93] 2025 2.26M FPV+BEV ✓ ✓ ✓ ✓ ✓ U/S/R/H

identify whether performance bottlenecks come from route completion, efficiency and comfort tradeoffs, or specific
driving skills such as merging, overtaking, emergency braking, yielding, and traffic sign compliance.

Despite recent progress, even the leading reported baselines remain limited in route success and interaction intensive
scenarios. The detailed ability breakdown shows that merging, overtaking, emergency braking, and yielding are still
difficult for current planners. This suggests that imitation learning dominated pipelines often struggle to learn robust
negotiation behaviors from offline logs, where rare safety related interactions are sparsely represented. Bench2Drive
therefore provides a useful controlled stress test by exposing weaknesses that aggregate scores may hide and by
motivating methods that better handle interaction, uncertainty, and recovery in closed-loop execution.

NAVSIM v2 provides a complementary path to large-scale closed-loop evaluation by leveraging real nuPlan logs [159]
and injecting targeted perturbations that emulate trajectory drift and compounding errors. As illustrated in Fig. 5(b),
it adopts a two stage pseudo-simulation protocol: the first stage evaluates planners on recorded sensor observations,
while the second stage perturbs the ego endpoint and uses neural 3D reconstruction to render synthetic follow-up
frames. This design exposes planners to distribution shift without relying on a fully interactive simulator, and directly
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Table 5. 30 representative critical scenarios spanning multiple road types. Environment (Env.) denotes the lighting condition (D
= day, N = night, IL = indoor or tunnel lighting). Coverage tags summarize the main conflict types (C-*) and key stressors (S-*):
C-LK (lane keeping/curve), C-MG (merge/topology/markings), C-CI (cut in/weaving), C-RE (rear-end/stationary lead), C-SO (static
obstacle/debris), C-CR (crossing event), C-MX (mixed/unstructured interaction); S-CZ (construction/temporary control), S-CG
(congestion), S-TN (tunnel/indoor lighting), S-GL (glare), S-RN (rain).

Road Type Test Function Scenario Env. Tag

Highway
(including
tunnels
and
ramps)

Curve speed-limit and
lane-keeping test

Construction zone with a detour ahead N C-MG|S-CZ
Escape lane at sharp curve ahead D C-LK

Vehicle target detection
and response test

Stationary or maintenance vehicle ahead D C-RE
Oversized cargo vehicle ahead D C-RE
Unexpected crashed vehicle on the highway N C-RE
Continuous lane changes on the highway D C-CI
Sudden cut in of a vehicle ahead during congestion D C-CI|S-CG
Vanishing lead vehicle on highway D C-RE
Aggressive cut in at the highway entrance D C-CI
Abnormally stationary lead vehicle inside a tunnel IL C-RE|S-TN

Static obstacle detection
and response test Fallen tires on highway N C-SO

Irregular dynamic object
detection and response test

Flattened plastic bag ahead D C-SO
Laterally crossing wild boar D C-CR

Traffic facility and road-
marking response test

Three-lane to two-lane merge ahead D C-MG
Road marking confusion zone D C-MG
Temporary construction on the highway D C-MG|S-CZ
Truck encountered in construction zone N C-MG|S-CZ
Flexible bollards placed at the gore area ahead D C-MG

Special Env. detection
and response test

Obstacle avoidance during nighttime rainstorm N C-SO|S-RN
Glare from oncoming headlights N C-MX|S-GL

Rural road
Irregular dynamic object
detection and response test Crossing sheep ahead D C-CR

Traffic facility and road-
marking response test Driving through traffic lights D C-MG

Urban
road
(including
intersections
and
parking
lots)

VRU detection
and response test

Child crossing under high-beam glare N C-CR|S-GL
Urban village driving D C-MX
Irregular tricycle movement in congestion D C-MX|S-CG
Mixed pedestrian–vehicle interaction D C-MX
Delivery rider intruding at intersection D C-CR
Child darting out behind during reversing IL C-CR|S-TN

Irregular dynamic object
detection and response test Dropped cargo ahead D C-SO

Traffic facility and road-
marking response test Width restriction ahead D C-MG

stress tests robustness to small deviations that can accumulate into safety-critical outcomes. NAVSIM v2 reports an
extended EPDMS metric that aggregates safety, rule compliance, efficiency, and comfort via multiplicative penalties,
so that a single infraction can significantly reduce the overall score. In practice, results on the benchmark show that
even state-of-the-art planners remain far from the maximum EPDMS, highlighting that robust, comprehensive driving
proficiency under uncertainty is still a major bottleneck.
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Fig. 5. Representative safety-critical scenario benchmarks. The figure shows Bench2Drive for closed-loop evaluation in CARLA,
NAVSIM v2 for perturbation-based pseudo closed-loop evaluation on real driving logs, and WOD-E2E for rare long-tail real world
scenarios. The sample images are from Bench2Drive [155], NAVSIM v2 [156], and WOD-E2E [157].

WOD-E2E focuses explicitly on rare real world long-tail scenarios (Fig. 5(c)), collecting 4,021 short segments with
construction zones, unusual obstacles and atypical agent behaviors. Instead of relying on a single logged future, WOD-
E2E adopts the rater feedback score (RFS), which compares predicted trajectories against human preference labels over
multiple plausible futures, making it particularly suitable for safety–efficiency trade-offs and reasonable rule-breaking
in emergencies.

Across Bench2Drive and NAVSIM v2, three consistent lessons can be drawn. First, aggregate scores may hide skill
specific bottlenecks. The multi ability test in Table 6 shows that even strong methods still struggle with interactive skills
such as merging, overtaking, and yielding, indicating that negotiation under uncertainty remains a major failure mode.
Second, closed-loop performance depends on multiple objectives rather than a single accuracy measure. On Bench2Drive,
higher efficiency does not necessarily lead to higher success or comfort, since aggressive progress may increase near
miss risk while overly conservative policies may reduce mobility. Third, robustness and deployability have become key
constraints. The multiplicative EPDMS penalty in Table 7 shows that weaknesses in safety, rule compliance, comfort, or
progress can dominate the final score, while perturbation driven pseudo closed-loop evaluation exposes sensitivity to
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Table 6. Closed-loop metrics and multi-ability test results on Bench2Drive [155]. Driving score (DS) is a composite closed-loop score
in the range [0, 100]. Success denotes the percentage of routes completed without critical infractions. Efficiency reflects average
progress and speed, and comfort measures ride smoothness based on acceleration and jerk. The multi-ability test reports success
rates (%) on five driving skills and their mean. ∗ denotes expert feature distillation. Best results are in bold.

Methods
Closed-loop Metric ↑ Multi-Ability Test (%) ↑

Efficiency Comfort Success DS Merging Overtaking Emergency
Brake

Give
Way

Traffic
Sign Mean

TCP* [160] 54.26 47.80 15.00 40.70 16.18 20.00 20.00 10.00 6.99 14.63
TCP-ctrl* [160] 55.97 51.51 7.27 30.47 10.29 4.44 10.00 10.00 6.45 8.23
TCP-traj* [160] 76.54 18.08 30.00 59.90 8.89 24.29 51.67 40.00 46.28 34.22
ThinkTwice [161] 76.93 16.22 3.13 62.44 27.38 18.42 35.82 50.00 54.23 37.17
DriveAdapter* [162] 70.22 16.01 33.08 64.22 28.82 26.38 48.76 50.00 56.43 42.08
AD-MLP [163] 48.45 22.63 0.00 18.05 0.00 0.00 0.00 0.00 4.35 0.87
UniAD-T. [164] 123.92 47.04 13.18 40.73 8.89 9.33 20.00 20.00 15.43 14.73
UniAD-B. [164] 129.21 43.58 16.36 45.81 14.10 17.78 21.67 10.00 14.21 15.55
VAD [165] 157.94 46.01 15.00 42.35 8.11 24.44 18.64 20.00 19.15 18.07
DriveTransformer [166] 100.64 46.01 35.01 63.46 17.57 35.00 48.36 40.00 52.10 38.60
Hydra-Next [167] 197.76 20.68 50.00 73.86 40.00 64.44 61.67 50.00 50.00 53.22
TF++ [168] 245.10 25.48 67.26 84.21 58.75 57.77 83.33 40.00 82.11 64.39
R2SE [169] 243.89 23.26 69.54 86.28 53.33 61.25 90.00 50.00 84.21 67.76
HiP-AD [170] 203.12 19.36 69.09 86.77 50.00 84.44 83.33 50.40 72.10 65.98
DiffRefiner [171] - - 71.40 87.10 63.80 60.00 85.00 50.00 86.30 69.00

Table 7. Comparison with state-of-the-art methods on the NAVSIM v2 [156] benchmark. Ego status denotes a state-only baseline
that conditions the planner on the navigation goal and low-dimensional ego kinematic states without using perception inputs. NC =
No at-fault Collision; DAC = Drivable Area Compliance; DDC = Driving Direction Compliance; TLC = Traffic Light Compliance; EP =
Ego Progress; TTC = Time to Collision; LK = Lane Keeping; HC = History Comfort; EC = Extended Comfort; EPDMS = Extended
Predictive Driver Model Score in the range [0, 100]. Best results are in bold.

Methods NC ↑ DAC ↑ DDC ↑ TLC ↑ EP ↑ TTC ↑ LK ↑ HC ↑ EC ↑ EPDMS ↑
Ego Status 93.1 77.9 92.7 99.6 86.0 91.5 89.4 98.3 85.4 64.0
TransFuser [172] 96.9 89.9 97.8 99.7 87.1 95.4 92.7 98.3 87.2 76.7
HydraMDP++ [173] 97.2 97.5 99.4 99.6 83.1 96.5 94.4 98.2 70.9 81.4
DriveSuprem [174] 97.5 96.5 99.4 99.6 88.4 96.6 95.5 98.3 77.0 83.1
ARTEMIS [175] 98.3 95.1 98.6 99.8 81.5 97.4 96.5 98.3 - 83.1
DiffusionDrive [176] 98.2 95.9 99.4 99.8 87.5 97.3 96.8 98.3 87.7 84.5
DriveVLA-W0 [109] 98.5 99.1 98.0 99.7 86.4 98.1 93.2 97.9 58.9 86.1

compounding errors. Together, these benchmarks suggest that improving critical scenario handling requires explicit
mechanisms for interaction, uncertainty, and recovery, as well as balanced objective design that accounts for safety,
rule compliance, mobility, comfort, and real-time feasibility.

3 Verification and Validation for ADS

3.1 Scenario Construction and Description

Scenario-based validation serves as the bridge between unstructured real world traffic logs and reproducible, parameter-
ized test cases. To operationalize this process, the industry has standardized scenario descriptions through hierarchical
ontologies.While early frameworks focused on abstraction levels (functional, logical, concrete) [177], modern approaches
have converged on a multi-layer architecture to capture the complexity of critical driving environments.

Scenario descriptions are commonly organized through layered architectures. Early studies separated road geometry,
dynamic actors, and environmental factors [177, 178]. Bagschik et al. [179] further proposed a five-layer structure
covering road, infrastructure, temporary modifications, objects, and environment, while Bock et al. [180] extended
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it with a sixth layer of digital information. In this survey, we do not reproduce the well-known layered model as a
standalone figure. Instead, we use it as a reference structure for organizing critical scenario parameters, including road
topology, traffic facilities, temporary work-zone changes, dynamic actors, weather and lighting conditions, HD map
errors, and V2X communication delays. Such layering helps transform high-level critical scenario descriptions into
machine-executable parameters for simulation injection and scenario-based verification and validation.

3.1.1 Traditional Methods for Critical Scenario Construction. From the perspective of safety validation, it is not enough
to describe nominal scenarios; one must systematically expose critical scenarios that stress the limits of an ADS.
Classical analyses show that verifying advanced ADS solely by real world mileage would require on the order of
billions of kilometers to reach an acceptable confidence level, which is practically infeasible. At the same time, the ODD
of high level automation is high dimensional and strongly coupled across human-vehicle-environment factors, and
many safety relevant situations are rare long-tail events rather than frequent patterns. To cope with this, projects such
as PEGASUS [181] advocate reconstructing real scenarios in virtual environments to improve test efficiency, while
ISO 21448 [62] introduces a four-quadrant matrix over {known, unknown} × {safe, hazardous} scenarios, emphasizing
that unknown hazardous scenarios should be identified, analyzed and gradually converted into known and mitigated
ones through scenario searching and testing.

Traditional critical scenario construction methods largely follow this philosophy and can be grouped into three
broad categories. The first category comprises combinatorial and ontology-based approaches. Here, scenario elements
(road segments, traffic participants, weather, etc.) are discretized into parameter sets, often structured by an ontology,
and combinatorial test (CT) or test-matrix (TM) techniques are used to systematically enumerate combinations. Rep-
resentative works employ backtracking algorithms, Monte Carlo sampling and CT+TM with Bayesian optimization
to balance coverage and complexity in the generated scenarios [182–184]. These methods provide explicit, traceable
models and can guarantee a certain degree of coverage, but they tend to produce a large number of redundant or low
risk scenarios, making it difficult to focus on truly safety-critical conditions.

The second category consists of optimization-based search methods that treat the pursuit of critical scenarios as
an optimization problem. Risk indicators such as collision speed, minimum distance or TTC are embedded into cost
functions, and evolutionary algorithms, tree search or RL-based planners are used to search the parameter space for
scenarios that maximize risk while remaining physically plausible [185–188]. These methods are effective at uncovering
high-risk corner cases and can significantly improve test efficiency, but their performance depends heavily on the
design of the cost function and parameter bounds, and they may miss moderately risky yet safety relevant scenarios
that do not strongly excite the chosen objective.

The third category encompasses data-driven and adversarial approaches that learn scenario structure directly from
traffic data. Clustering-based methods extract typical maneuver patterns from speed and yaw rate trajectories, while
neural generators trained on highway datasets, e.g., HighD synthesize realistic motion trajectories [189, 190]. More recent
work combines generative models with adversarial RL: high-risk initial scenes are enriched using tabular or conditional
tabular generative adversarial network (CTGAN)-style generators, and an RL-based adversarial agent interacts with
the ADS in simulation to search for dynamic critical scenarios, thereby jointly enhancing scenario coverage and risk
severity while keeping behaviors realistic [191]. These approaches still face challenges in controllability, interpretability
and quantifying what portion of the relevant risk space has been actually explored.

In summary, traditional CT-based, optimization-based and data-driven scenario construction techniques provide the
basic toolbox for building critical scenario libraries, but no single class guarantees coverage, criticality and engineering
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controllability. At the same time, these limitations motivate the exploration of more expressive generative models and
foundation-model-based frameworks for scenario generation, which are discussed in the next subsection.

3.1.2 Foundation Models for Critical Scenario Construction. Beyond classical clustering and neural-network-based
generators, recent work has started to explore foundation models [192–195], including variational autoencoder (VAE),
generative adversarial network (GAN), diffusion models, and LLMs, for critical scenario generation.

As sketched in Fig. 6, VAEs and diffusion models follow an encoder–latent–decoder paradigm: an encoder or noising
process 𝑞𝜙 (𝑧 | 𝑥, 𝑐) maps a real scene 𝑥 and condition 𝑐 to a latent variable 𝑧, while a decoder or denoising network
𝑝𝜃 (𝑥 | 𝑧, 𝑐) reconstructs or synthesizes a new scene 𝑥 . GANs instead train a generator 𝐺 (𝑧, 𝑐) and a discriminator
𝐷 (𝑥, 𝑥, 𝑐) in an adversarial game, where the discriminator distinguishes real scenes from synthetic ones (labeled 1/0).
VLMs couple a vision encoder with an LLM via a connector that projects visual features into the LLM token space,
enabling language-conditioned editing and generation of traffic scenarios from textual descriptions or instructions.

Building on these architectures, early work on critical scenario construction primarily adopted VAE- [196] and
GAN-based [197] generators. A conditional VAE learns a low-dimensional latent space of trajectories or scenes, from
which potentially critical cases can be sampled by importance weighting or by steering latent variables toward unsafe
regions. GAN-based approaches train a generator to produce map-consistent traffic scenes or surrounding-agent
trajectories that fool a discriminator, sometimes augmented with risk-aware losses to bias generation toward near-miss
or collision-prone situations. Phenomena such as mode collapse, limited diversity in long-tail behaviors, and difficulties
in conditioning on rich scene priors have motivated a shift toward diffusion- and VLM-based generators.

Diffusion-based generators [192, 198] learn joint distributions over multi-agent behaviors conditioned on maps and
goals and can be guided by cost functions, game-theoretic solvers, or risk priors. This allows controllable sampling
of both nominal and corner-case traffic, so that the same generative model supports routine regression testing, stress
testing, and closed-loop robustness evaluation under a unified framework. RGB-D diffusion models [194] for long
horizon, geometry-consistent scene generation further provide photorealistic camera and LiDAR streams, which are
increasingly used to validate perception stacks and sensor fusion modules in a simulation–in-the-loop manner. At the
data level, map- and trajectory-centric generators [191, 195, 199] enable large-scale augmentation of rare interactions
such as cut ins, forced merges, or red-light violations, and have been shown to improve safety metrics of end-to-end
driving models when evaluated on real world benchmarks. In parallel, VLM-driven frameworks [200–204] treat scenario
design and test case selection as a language-guided reasoning problem: multi-agent VLM systems parse regulations
and accident reports, propose critical interaction patterns, and iteratively edit the behaviors of selected “adversarial”
participants to create progressively more challenging scenes that expose weaknesses in the ADS policy. Overall, these
foundation model-based approaches provide rich semantic control, scalable coverage of long-tail events, and tighter
coupling between generation and evaluation, and are beginning to turn generative models from mere data sources into
active tools for scenario-based testing and safety assessment; however, ensuring physical consistency, enforcing hard
safety constraints, and quantifying coverage and validity of the generated scenarios remain open research challenges.
Representative VLM- and diffusion-based scenario generators are summarized in Tables 8 and 9, respectively.

3.2 Verification and Validation Methods Methods

3.2.1 XiL Simulation. Once constructed, representative scenarios should be executed through verification and validation
methods that balance scalability with fidelity. To bridge the gap between pure software simulation and costly road tests,
the industry employs a continuum of XiL methods, as illustrated in Fig. 7.
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Fig. 6. Schematics of representative generative model architectures, where 0/1 indicates the real or synthetic label.

Table 8. Summary of scenario generation studies using VLMs. FPV = first-person view; BEV = bird’s-eye view; RAG = retrieval-
augmented generation; XML = extensible markup language.

Methods Input Model Technique Method Descriptions SimulatorText Image Video Dataset Database

CurricuVLM
[205] ✓ ✓ BEV Waymo [206] – GPT-4o

LLaVA CoT
Curriculum-driven

critical-scene synthesis
and selection

Metadrive
[207]

AutoScenario
[208] ✓ ✓ FPV SUMO [209]

CARLA
NHTSA
GPS GPT-4o CoT

Text-grounded
scene construction

and editing
CARLA

LLM-
Attacker [200] ✓ – – Waymo Accident reports,

traffic rules LLaMA Multi-agent
adversarial search

Closed-loop adversary
policy synthesis
for stress testing

CARLA

Seeking to
Collide [202] ✓ – – Waymo Driving logs,

accident cases
DeepSeek-R1,
DeepSeek-V3

Online scene editing
and RAG

Retrieval-guided
iterative scenario

hardening
CARLA

Generating
OOD [210] ✓ – – nuScenes

[211]
NHTSA crash

reports GPT-4o CoT, tree generation
and augmentation

OOD template mining
and parameterized
augmentation

CARLA

DriveGen
[212] ✓ ✓ BEV Argoverse2

[213]
Vehicle
asset DB

Claude-3,
GPT-4-turbo

LLM+RAG init;
VLM goal selection;
diffusion planner

Goal-conditioned
multi-stage generation

for diverse traffic

SMARTS
[214]

OmniTester
[215] ✓ ✓ – –

Road
network DB,
crash reports

LLM + VLM
Prompt engineering

+ SUMO tools
+ RAG

Text-conditioned
from-scratch generation

(road + vehicles)
with iterative evaluation

SUMO

Manuscript submitted to ACM



Safety-Critical Scenarios for Autonomous Driving: A Survey of Methods, Benchmarks, and Verification Pipelines 19

Table 9. Summary of scenario generation studies using diffusion models. DDPM = Denoising Diffusion Probabilistic Model; LDM =
Latent Diffusion Model; DiT = Diffusion Transformer; MDP = Markov Decision Process.

Methods Output
Input

Technique Base
Model DatasetRoad

Topology
Initial
State

Text
Prompt

Bounding
Boxes

CCDiff [198]

Traffic flow

✓ ✓ - - MDP as guidance DDPM nuScenes
DiffScene [216] ✓ ✓ - - Gradient-based guidance DDPM CARLA
Lu et al. [217] ✓ ✓ - - Gradient-based guidance DDPM nuScenes

AdvDiffuser [218] ✓ ✓ - - Gradient-based guidance LDM nuScenes

SafeSim [219] ✓ ✓ - - Partial diffusion DDPM nuPlan
nuScenes

VBD [220] ✓ ✓ - - Gradient-based guidance DiT Waymo
Zhong et al. [221] ✓ ✓ ✓ - LLM-generated loss function DiT nuScenes
LD-Scene [201] - - ✓ LLM-driven scene initialization LDM nuScenes
DrivingGen [222]

Driving video

- - ✓ - Temporal shift adapter LDM DoTA
AVD2 [223] - - ✓ - Adapting existing methods DiT MM-AU

SynAD [195] ✓ ✓ - - Diffusion-based
synthetic data pipeline LDM SynAD

AutoScape [194] RGB-D scenes ✓ ✓ ✓ - Geometry-consistent
3D diffusion DiT nuScenes,

KITTI [224]

Standard approaches such as Software-in-the-Loop (SiL) facilitate rapid, iterative verification of algorithms in
purely virtual environments [225–228]. Moving toward hardware integration, Hardware-in-the-Loop (HiL) incorporates
real electronic control units (ECUs) to assess real-time execution feasibility and signal processing robustness [229].
While effective for functional regression testing, these methods inherently rely on simplified vehicle dynamics models
and synthetic sensor data. They often fail to capture the complex, nonlinear vehicle behaviors and rich perception
uncertainties that characterize safety-critical near-miss scenarios in the real world.

To address these fidelity gaps, Vehicle-in-the-Loop (ViL) testing couples a complete physical vehicle with a virtual
traffic environment. In typical ViL setups [230, 231], as illustrated in Fig. 8(a), Channel ➀ [232] bypasses perception
and feeds simulator ground-truth states directly into planning and control modules, which is simple and suitable for
early-stage functional testing but ignores real sensor artifacts. Channel ➁ [233] attaches camera, LiDAR or radar models
to the virtual ego vehicle and streams synthetic sensor data to the ECUs or perception software, thereby exercising the
perception stack but still keeping the sensors themseflves out of the loop. Channel ➂ [234] goes one step further by
converting virtual objects into physical excitation signals, so that the real sensors are stimulated by a virtual world while
the vehicle drives on a test track. These architectures progressively increase fidelity, yet they often rely on dedicated
indoor facilities or simplified environments, and they provide limited support for systematically validating long-tail,
critical scenarios under realistic vehicle dynamics.

To bridge the gap between high fidelity real vehicle behavior and controllable critical scenario replay, we summarize
a virtual–real fusion ViL reference architecture as a design pattern for future validation, as illustrated in Fig. 8(b). This
architecture is not presented as a validated system, but as a synthesized blueprint distilled from recurring limitations of
existing XiL pipelines, including limited realism of perception inputs, restricted exposure to rare interactive hazards,
and the difficulty of scaling experiments beyond empty closed tracks.

In this reference design, a real test vehicle provides authentic ego dynamics, actuator limits, and timing delays,
while a simulator supplies controllable surrounding agents and hazards. The vehicle is equipped with localization and
navigation sensors and a lightweight map of the proving ground, enabling continuous synchronization between the
physical ego pose and its virtual counterpart. Real perception sensors, especially front cameras, contribute background
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Fig. 7. Qualitative comparison of fidelity coverage across different validation configurations. The radar plots illustrate a progression
from purely virtual simulation (center) to physical reality (outer edge). As validation evolves from SiL to real-vehicle testing, the
inclusion of physical components increases, highlighting the trade-off between experimental controllability and environmental
realism.

imagery that preserves real lighting and motion effects. Risk relevant virtual agents and objects are instantiated in
simulation and rendered within the camera frustum, then fused with the real images through an augmented reality
pipeline to produce mixed reality observations that combine real ego motion with repeatable and scriptable interactions.

Viewed as a validation oriented construct, this virtual–real fusion pattern highlights several capabilities that are
difficult to obtain simultaneously with purely simulated or purely physical tests. First, it enables repeatable stress testing
of rare events with controlled variations in timing, friction, and sensing conditions, supporting statistically meaningful
comparisons of risk-aware planners. Second, because the ego platform is real, it naturally exposes hardware and latency
related failure modes that pure simulation can mask, such as actuator saturation, tyre slip under low friction, and
embedded scheduling delays. Third, the synchronized logs produced by such a setup can serve as reusable assets for
evaluation and dataset building, pairing fused sensor inputs with ground truth scenario parameters for benchmarking
anticipation, world modeling, and closed-loop control.

Finally, the comparative analysis in Fig. 7 visualizes the fundamental trade off in current validation pipelines. As
physical fidelity increases, the ability to precisely control environmental variables and traffic participants typically
diminishes. Pure simulation offers control but limited fidelity, while road testing offers high fidelity but limited
repeatability. This dichotomy motivates the proposed virtual–real fusion ViL architecture, which aims to bridge this
gap by combining the high fidelity physical ego dynamics of real world testing with the flexible and risk-free scenario
controllability of simulation.
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(a) Comparison of the ViL platform

(b) Information transfer process

Fig. 8. ViL architectures for critical scenario validation with augmented-reality virtual-real fusion. (a) compares existing ViL archi-
tectures with the proposed architecture, which injects virtual hazardous objects into real camera streams to combine real vehicle
execution with controllable scenario generation. (b) shows the information flow among virtual scenario generation, sensor-level
fusion, vehicle state feedback, and control execution. This architecture enables controllable hazardous events to be tested while
preserving real vehicle dynamics and onboard execution.

3.2.2 Real-vehicle Testing and Naturalistic Driving. The traditional mileage-based validation approach relies on statistical
demonstrations of reliability through extensive real world operation. However, this method is limited by the rarity of
safety-critical events [235]. Winner et al. [236] statistically estimated that demonstrating an ADS to be twice as safe as a
human driver would require more than 6 billion kilometers of driving, which is economically and temporally infeasible
even for large-scale fleets.

While real world testing provides the highest environmental and interaction fidelity, critical safety events are sparse
in nominal traffic. Major naturalistic driving studies (NDS), such as the 100-Car Study [237], SeMiFOT [238], and the Ann
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Arbor Safety Pilot [239], have successfully captured nominal driving behaviors and V2X interactions but confirmed that
severe crash imminent scenarios remain rare outliers. Furthermore, in regions with strict regulatory constraints, such
as China, road testing is often confined to closed proving grounds or limited open road pilots [240], further restricting
the diversity of exposure. Consequently, real vehicle testing alone is insufficient for systematic safety verification and
validation. In the V-model sense, controllable scenario execution in simulation, XiL, ViL, and proving-ground tests
primarily serves verification, because it checks whether the ADS satisfies predefined safety requirements under concrete
critical scenarios. These verification results can further contribute to validation when they are integrated with ODD
coverage analysis, scenario representativeness assessment, and evidence for safety assurance [241].

3.2.3 Digital Twins as an Enabling Foundation. The virtual-real fusion architecture described above is methodologically
grounded in digital twin (DT) technology. While DT originated as a core concept of Industry 4.0 [242] for manufacturing
monitoring, its application in autonomous driving represents a paradigm shift from static simulation to dynamic,
bi-directional cyber-physical synchronization [243, 244]. In the context of safety validation, a DT does not merely
simulate the environment but maintains a real-time, high fidelity mapping between the physical test vehicle and its
virtual counterpart, serving as the technical backbone for the augmented reality injection described in Fig. 8(b).

Current research has begun to explore DT-based validation, though often with limited scope compared to a full
sensor fusion ViL. Methodologically, frameworks proposed in [245] and [246] outline the theoretical requirements
for DT-based driving scenarios but lack extensive experimental validation. On the experimental side, existing imple-
mentations typically focus on specific subsystems rather than critical scenario replay. For instance, Solmaz et al. [247]
validated trajectory planning algorithms using a DT hybrid setup in the EU INFRAMIX project, while Szalay et al. [248]
demonstrated a V2X-based DT for sending virtual targets to an ego vehicle. However, these approaches often rely
on object-level data injection (bypassing perception sensors) or focus heavily on communication latency rather than
complex visual interaction [249, 250].

Compared with object-level ground truth injection, the proposed virtual-real fusion validation framework provides
a more demanding validation pattern because virtual hazards are rendered into perception facing sensor streams
rather than directly injected as object lists. This design closes the validation process at the sensor-level and enables
the complete autonomy stack, from raw perception to control, to be evaluated under conditions closer to real road
tests while preserving the safety and controllability of virtualization. The maturation of DT technology, especially in
synchronization latency control and mixed reality rendering fidelity, is essential for virtual-real fusion ViL testing.

4 Challenges and Future Directions

4.1 Rare Critical Scenarios and Dataset Limitations

Critical, pre-crash, and near-miss scenarios are rare and follow a long-tail distribution, and they are insufficiently
covered by existing datasets [235]. Many accident and traffic anticipation benchmarks focus on several frequent crash
types, short temporal windows, and monocular RGB dashcam views. Thus, they provide limited coverage of adverse
weather, complex road geometry, detailed vehicle dynamics, and cooperative V2X settings. Recent long-tail datasets
and V2X or cooperative perception benchmarks [157, 251] have extended the coverage of rare events and interactions
among multiple agents. However, most of them are designed for specific subtasks, e.g., perception, question answering,
or motion prediction, rather than for closed-loop risk assessment across sensing, planning, and control.

A key direction is to build multimodal datasets with multiple interacting agents, focusing explicitly on rare near-
miss and pre-crash events across highways, rural roads, and dense urban intersections. Such datasets could include
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synchronized camera, LiDAR, and radar streams, vehicle dynamics signals, V2X messages, and BEV or HD maps.
Scenario taxonomies, such as the thirty representative critical scenarios summarized in this survey, can provide a
blueprint for balanced data collection and help expose systematic gaps in existing coverage. Online mining of fleet
data based on surrogate safety indicators, including conflict measures and hard braking statistics, could be combined
with accident boundary analysis and targeted logging around high-risk conditions. This would allow non-crash data,
such as near misses and mild conflicts, to be captured together with actual crashes. In parallel, long-tail datasets for
interactive situations and cooperative maneuvers, such as platooning, emergency corridors, and complex merging,
could be curated and connected with generative scenario models. This can augment rare patterns in a controllable way,
rather than relying on uniform random sampling.

4.2 Causal and Uncertainty-aware Risk Modeling

Many existing risk models are still mainly associative. They may conflate true causal accident factors with spurious
background correlations, and they often lack well calibrated uncertainty estimates. Models that perform well on a
given benchmark may become brittle under distribution shifts in behavior, weather, sensor quality, or adversarial
perception perturbations [252, 253]. This limits their reliability as safety related triggers for AEB, trajectory replanning,
and cooperative V2X maneuvers.

Future work could combine interaction graphs and WMs with explicit causal reasoning and uncertainty estimation.
One promising direction is to formulate accident and near miss prediction as a structural causal model over agents,
road layout, and environmental factors [254–256]. Counterfactual training based on diffusion perturbations, causal
intervention samples, or synthetic counterfactual scenes can then be used to separate causal cues from spurious
cues. In parallel, uncertainty estimation methods, including Bayesian deep networks, ensembles, and conformal
prediction [257, 258], can produce calibrated risk scores and prediction sets. In this way, risk estimators can indicate not
only the likelihood of a crash, but also the confidence of the prediction. These calibrated risk signals could be propagated
into downstream planners and safety monitors through explicit risk budgets or probabilistic safety constraints. They
could also be combined with causal attribution, such as identifying the agent or factor that contributes most to the risk,
to support both online decision making and retrospective accident analysis.

4.3 From Accident Anticipation to Verifiable Closed-Loop Control

Many current methods are still evaluated mainly through accident anticipation in open-loop settings, where prediction
accuracy has only a limited correlation with closed-loop driving safety and comfort. In contrast, end-to-end controllers
are often optimized for route completion and comfort metrics [159, 259], but they usually lack explicit representations
of accident risk or safety envelopes. As a result, dangerous failure modes may remain hidden until they appear as
collisions in simulation or on the road. Recent long-tail closed-loop benchmarks partly reduce this gap by introducing
human preference scores and multidimensional safety metrics. However, they still do not provide a general method for
integrating accident predictors into controllers with verifiable safety properties.

Future research could integrate risk predictors directly into the control loop. Planners and controllers can use risk
maps, time to accident distributions, and safety envelopes as constraints or cost terms in model predictive control, safe
RL, or trajectory optimization. This would make risk an explicit input for online decision making, rather than an after
the fact indicator. Accident anticipation modules can be trained jointly with closed-loop control policies, or through
multitask learning, so that safety related outcomes such as collisions, near misses, and hard braking events can guide
both perception and decision layers. Bridging methods, including 3D interaction aware traffic accident anticipation,
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planning methods that combine WMs with VLMs [260, 261], future occupancy and semantic prediction, and risk guided
policy optimization, could be further connected with formal safety analysis. Tools such as control barrier functions [262],
Hamilton-Jacobi reachability [263], and conformal decision theory [264] can support the assessment of whether a
closed-loop policy respects predefined safety envelopes under bounded uncertainty.

4.4 Scenario Testing, Simulation Fidelity, and Standardization

Current safety validation pipelines overemphasize road mileage accumulation and a small set of manually crafted
scenarios. This provides limited statistical power for rare safety related events. Although scenario-based testing and
XiL have been adopted in several industrial practices and standards, many simulators and generated scenarios remain
limited in three aspects. First, they often lack behavioral diversity and interaction realism. Second, they simplify sensing
degradation, fault mechanisms, and communication failures [265]. Third, they use fragmented scenario representations
and interfaces. These gaps make it difficult to translate simulation results into defensible safety claims for real world
deployment, or to compare algorithms under consistent and reproducible conditions.

A useful step is to align critical scenarioWMs and generativemodels with scenario-based testing standards. Generative
models and traffic simulators could be trained and calibrated to reproduce empirical failure envelopes observed in
incidents and near misses, including human driver reactions, perception degradation, sensor faults, and communication
losses, rather than only nominal traffic statistics. Scenario description languages and test catalogues defined in standards
such as ISO 34502 and ISO 34504 [266] could be extended to describe connected vehicle and multiagent critical scenarios.
They could also be linked to scenario databases that manage data provenance, parameter ranges, and coverage metrics.
Simulation interfaces and cosimulation with V2X network simulators could be used to evaluate accident anticipation,
safety, comfort, and communication robustness using a shared set of performance indicators.

4.5 From Scenario Replay to Scenario Evidence Engineering

Most existing validation approaches still treat scenarios mainly as replayable test cases, rather than as traceable evidence
for safety assurance. They often evaluate ego vehicle safety and efficiency in isolation, with limited consideration of the
surrounding traffic system and human stakeholders. Risk predictions are also difficult to audit, especially in cooperative
situations such as yielding for emergency corridors, interacting with vulnerable road users, or resolving occlusions
with other agents. As a result, system level safety metrics that account for the risks of all agents, fairness, traffic flow,
and human interpretability are rarely optimized in an explicit and verifiable way.

Future research could move from scenario replay to scenario evidence engineering. First, critical scenario WMs and
generative models could be calibrated against empirical failure envelopes observed in incidents and near misses, rather
than matching only nominal traffic statistics. This requires modeling human reactions, negotiation patterns among
multiple agents, perception degradation, sensor faults, and communication impairments. It also requires validating
whether generated scenarios can reproduce the boundary conditions under which failures occur. Second, standardization
could move beyond format compliance toward evidence traceability, so that every test scenario, parameter range,
simulation setting, and outcome can be reproduced, audited, and referenced in safety claims. Third, simulation fidelity
could be assessed as a core validation variable, rather than being treated as an implicit assumption. A unified closed-loop
evaluation stack could combine vehicle dynamics, sensing and perception pipelines, and V2X network cosimulation to
quantify safety, comfort, efficiency, fairness, and communication robustness under shared performance indicators.
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5 Conclusion

This survey identifies five main findings on critical scenario handling for autonomous driving. First, a major safety
bottleneck for ADS is not limited to nominal perception or trajectory tracking, but the handling of rare, interactive, and
ODD-boundary scenarios where perception errors, prediction uncertainty, and control limits appear together.

Second, recent work is shifting from geometric safety indicators to risk grounding, uncertainty-aware control, and
WM/VLM-enabled planning. However, manymethods still stop at open-loop risk prediction and lack control-consumable
interfaces, such as explicit constraints, calibrated uncertainty, or safety shields.

Third, current datasets and benchmarks are not yet fully aligned with closed-loop safety assurance. Accident datasets
provide useful evidence for risk perception and semantic understanding, but most of them remain limited in 3D structure,
multimodal sensing, and closed-loop executability. Recent benchmarks such as Bench2Drive, NAVSIM v2, andWOD-E2E
show that many difficult failures arise in interaction-heavy behaviors, recovery from ego-state deviation, and long-tail
human-preferred decisions rather than simple lane following.

Fourth, scenario generation has become more scalable through optimization, adversarial learning, diffusion models,
and VLMs, but the generated scenarios often lack verifiable coverage, physical consistency, and traceability to safety
claims. Thus, future critical scenario generation should not only create rare cases but also explain which safety
requirement, ODD boundary, or failure mode each case is designed to test.

Finally, no single testing method is sufficient for ADS safety assurance. SiL and HiL mainly support requirement and
implementation verification, while ViL, proving-ground tests, and real-vehicle experiments provide stronger validation
evidence for integrated behavior.

A practical safety assurance process therefore requires a scenario-to-evidence chain that connects critical scenario
definition, executable parameterization, closed-loop testing, and certification-oriented evidence. A central conclusion of
this survey is that safety-critical scenario research should move beyond isolated risk detection and scenario generation
toward traceable closed-loop safety assurance supported by verification and validation evidence.
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