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Abstract

We present SynCrash, a multi-stage pipeline for zero-shot
accident detection, spatial localization, and collision-type
classification in fixed-view CCTV surveillance video. Our ap-
proach addresses the ACCIDENT @ CVPR 2026 Challenge,
which requires predicting when an accident occurs, where
in the frame the impact happens, and what type of collision
it is—all without access to labeled real-world training data.
The pipeline operates in three decoupled stages: (1) Tem-
poral localization via a VideoMAEVv2-giant backbone fine-
tuned on CARLA-based synthetic clips with metadata-aware
embeddings and dense sliding-window inference; (2) Spatial
localization using YOLO for object detection combined with
a physics-informed hybrid heuristic that leverages bounding-
box overlap and trajectory-based reasoning to predict the
impact point; and (3) Collision-type classification using a
lightweight rule-based strategy derived from the number and
configuration of detected vehicles. The key insight is that
temporal understanding benefits from supervised fine-tuning
on synthetic data, whereas spatial understanding is better
served by pretrained object detectors and physics priors that
transfer naturally across domains.

1. Introduction

Traffic accidents are rare, high-impact events whose auto-
matic detection and understanding from surveillance video
remains an open challenge [5, 11, 16]. Fixed-view CCTV
cameras are ubiquitous in urban environments [10], yet the
footage they produce is characterized by low resolution,
heavy compression artifacts, wide fields of view, partial oc-
clusions, and highly variable lighting conditions [11]. These
properties make accident analysis substantially harder than
in ego-centric dashcam settings [2, 3], where the camera is
close to the action and resolution is relatively high.

The ACCIDENT @ CVPR 2026 Challenge [6] formalizes
this task as a joint prediction problem: given a CCTV clip
containing a traffic accident, the system must predict (i)
the accident time t in seconds, (ii) the impact location as
normalized frame coordinates (¢,,é,) € [0,1]2, and (iii)

the collision type (e.g. rear—end, head-on, t-bone).
The final score is the harmonic mean of temporal, spatial,
and classification component scores, so poor performance
on any single axis severely penalizes the overall result. The
benchmark is training-free on real data, with only synthetic
CARLA [4] data available, requiring zero-shot sim-to-real
generalization.

Our contributions are as follows: A modular three-stage
pipeline that decomposes accident understanding into tempo-
ral, spatial, and classification sub-problems, each addressed
with the most appropriate tool. A domain-bridging training
strategy for VideoMAEv2-giant [15] that combines Nexar
weight initialization with heavy degradation augmentations
to simulate CCTV artifacts. A physics-informed spatial lo-
calization method that integrates object detection, short-term
trajectory estimation, and hierarchical geometric reasoning
to infer impact points without spatial supervision on real
data. An analysis of design decisions for zero-shot accident
understanding, including the trade-offs between end-to-end
and modular approaches.

2. Method
2.1. Overview of SynCrash Pipeline

We address accident understanding as a joint prediction prob-
lem over three components: when the accident occurs, where
the impact happens, and what type of collision takes place.
Instead of learning these outputs jointly, we adopt a modular
pipeline that decomposes the task into three stages: tem-
poral localization, spatial localization, and collision-type
classification.

Given an input CCTV video, we first perform temporal
localization using a VideoMAEv2-based model [15] to es-
timate the accident timestamp tace. Next, we localize the
impact point by detecting objects in the corresponding frame
and applying a physics-informed heuristic that reasons about
spatial relationships and short-term motion. Finally, we clas-
sify the collision type using a lightweight rule-based strategy
derived from the number and configuration of detected vehi-
cles.

This design is motivated by the zero-shot sim-to-real set-
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ting of the benchmark. Temporal patterns such as motion
dynamics transfer reasonably well from synthetic to real
data [13, 14], making them amenable to supervised learning.
In contrast, precise spatial localization is highly sensitive
to domain shift, and is better handled using object-centric
representations and geometric reasoning. By decoupling the
problem, SynCrash leverages the strengths of each compo-
nent while avoiding the limitations of end-to-end multi-task
models.

2.2. Temporal Localization

We localize the accident time by framing the problem
as binary classification over short video clips. We use
VideoMAEv2-giant [15] as the temporal backbone, a ViT-
based model pretrained via masked autoencoding for video
understanding. Given a 16-frame clip of size 224 x 224, the
model outputs spatiotemporal tokens that are mean-pooled
to obtain a feature vector v € R To account for en-
vironmental variability in CCTV footage, we incorporate
categorical metadata—scene layout, weather, and time-of-
day—each embedded into R3? and concatenated with v.
The combined representation is fed to a two-layer MLP with
ReLU and dropout for binary prediction. The backbone is
initialized with Nexar dashcam weights, providing domain-
relevant priors for traffic dynamics and vehicle motion.

Training is performed on synthetic CARLA data [4].
From each video, overlapping 16-frame clips are extracted
(stride 8) and labeled based on proximity to the ground-truth
accident time t,c.:

{]— if tace — 1.5 < tend < tace + 057
y= . ey
0 iftend < tace — 1.5,
while post-accident clips are discarded. To mitigate the
synthetic-to-real domain gap, we apply temporally consistent
augmentations that simulate CCTV artifacts [14], including
resolution degradation, motion blur, noise, brightness and
contrast shifts, and random occlusions.

At inference, videos are processed using a dense sliding
window of 16-frame clips (stride 2). Each clip is passed
through the model to obtain an accident probability, and the
resulting sequence is smoothed using a Gaussian filter. The
predicted accident time facc is taken as the midpoint of the
clip with the highest smoothed probability.

2.3. Spatial Localization

Given the predicted accident time tace, we localize the im-
pact point (¢, ¢,) in the corresponding video frame. Our
approach combines object detection with physics-informed
reasoning.

We use a YOLO-based [7] detector to extract vehicle
bounding boxes at the frame closest to tace. TO incorporate
motion cues, we construct short-term trajectories over a fixed

window of preceding frames by matching detections using
a greedy nearest-neighbor strategy similar to lightweight
tracking approaches [17], and estimate per-object velocities
via linear regression over tracked positions.

The collision point is then inferred using a priority-based
geometric heuristic. If any pair of objects overlaps, we use
the centroid of their intersection, prioritizing pairs with larger
combined area. Otherwise, we estimate the intersection
of motion trajectories for approaching objects. When this
is unreliable, we fall back to a size-weighted midpoint of
object centers, followed by a proximity-based midpoint of
the closest pair. In degenerate cases, we use the center
of a single detected object, or default to the frame center
(0.5, 0.5) when no detections are available.

Object pairs are prioritized using an approach velocity
measure:
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which captures the rate at which two objects are converg-
ing. This hybrid design enables robust spatial localization
under noisy detections and low-resolution CCTV conditions
without requiring spatial supervision.

2.4. Collision-Type Classification

The collision type is inferred using a lightweight rule-based
heuristic derived from the spatial configuration and motion
of detected vehicles at the predicted accident frame. We first
distinguish single-vehicle events when only one object is
detected, classifying them as single. For multi-vehicle
cases, we consider relative motion cues when available: if
two vehicles exhibit approximately anti-parallel motion di-
rections, the event is classified as head—on; if their motion
is largely aligned and one follows the other, it is classified
as rear—end; and if their motion directions are approxi-
mately orthogonal, indicating lateral interaction, the event is
classified as t—bone. In practice, due to noisy detections
and limited temporal context, reliable motion estimation
is not always available; in such cases, we fall back to a
simplified object-count heuristic, mapping all multi-vehicle
interactions to t —bone. This design maintains consistency
with the spatial localization stage while providing a sim-
ple and efficient approximation of collision types under the
training-free setting.

3. Experimental Setup

We follow the ACCIDENT @ CVPR 2026 Challenge proto-
col, where models are trained only on synthetic data and eval-
uated on real-world CCTV footage without access to labeled
real training samples. The synthetic CARLA dataset [4] pro-
vides fixed-view traffic videos with annotations for accident
time, impact location, and collision type, along with coarse
metadata. The real test set consists of curated CCTV clips



exhibiting low resolution, compression artifacts, occlusions,
and diverse environmental conditions.

Performance is evaluated using the official ACCIDENT
benchmark metric, which combines three components: tem-
poral accuracy (T'), spatial localization accuracy (S), and
collision-type classification accuracy (C'). Each component
produces a score in [0, 1], and the final score is defined as
their harmonic mean:
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Temporal and spatial scores are computed using Gaussian-
based similarity functions over prediction errors, while clas-
sification is measured using top-1 accuracy.

4. Results and Analysis
4.1. Main Results

Table 1 presents the performance of different architectural
designs on the ACCIDENT benchmark. Our proposed mod-
ular pipeline (SynCrash) achieves competitive overall perfor-
mance on both public and private leaderboards. Scores cor-
respond to the official ACCIDENT metric (harmonic mean
of temporal, spatial, and classification scores), reported on
the public and private leaderboards. The public leaderboard
is computed on a validation subset, while the private leader-
board reflects final evaluation on a held-out test set.

Table 1. Comparison of different approaches on the ACCIDENT
benchmark. Scores denote the official evaluation metric (harmonic
mean of temporal, spatial, and classification scores), reported on
the public and private leaderboards.

Method | Public  Private
ViViT (joint multi-task) 0.28 0.28
VideoMAEV2 + Grad-CAM + rule-based 0.34 0.33
VideoMAEvV2 + YOLO + heuristic (Ours) 0.38 0.40
VideoMAEV2 + Q-former (query-based) 0.37 0.36
RAFT-based motion modeling 0.29 0.28
Graph-based interaction model 0.27 0.25

Our approach ranks 17th overall on the private leader-
board. While not the top-performing method, it provides
a strong and efficient baseline under the training-free set-
ting, demonstrating the effectiveness of combining temporal
modeling with object-centric spatial reasoning.

4.2. Effect of Design Choices

Our final pipeline emerged through a sequence of design
iterations, each addressing specific limitations observed in
earlier approaches.

We initially explored a joint multi-task model based on
ViViT [1], where temporal, spatial, and classification tasks

were learned jointly. While it captured coarse temporal
patterns, performance was poor (Table 1), with unstable
spatial predictions and strong classification bias, indicating
weak task disentanglement.

We therefore adopted a temporal-first pipeline, predict-
ing accident timing before spatial reasoning. Using Video-
MAEV2 [15] significantly improved temporal localization,
confirming that motion dynamics transfer well from syn-
thetic to real data.

For spatial localization, we explored two alternatives. A
Grad-CAM [8]-based approach, which extracts attention
maps from the temporal model, provided a lightweight solu-
tion but suffered from coarse spatial resolution and sensitiv-
ity to domain shift. In contrast, combining YOLO-based [7]
object detection with physics-informed reasoning yielded
more accurate and stable localization, particularly in multi-
vehicle scenarios where interactions cannot be inferred from
a single object. We also investigated query-based temporal
reasoning using a Q-former [9], which improved long-term
context modeling but introduced higher computational cost
and lacked explicit spatial grounding, limiting its effective-
ness for precise localization.

Beyond these approaches, we experimented with motion-
based and interaction-based models. A RAFT-based [12]
pipeline leveraged dense optical flow to capture motion dis-
continuities associated with collisions, but was highly sen-
sitive to noise and compression artifacts in CCTV footage.
A graph-based approach modeled interactions between ve-
hicles using trajectory features, but depended heavily on
reliable tracking and was difficult to scale under noisy detec-
tions. While both approaches provided useful insights, they
did not consistently outperform the simpler modular design.

Overall, these experiments highlight that decoupling tem-
poral and spatial reasoning, and relying on object-centric
representations with physics-based heuristics, provides a
more robust and practical solution under the zero-shot sim-
to-real constraints of the benchmark.

5. Discussion and Lessons Learned
5.1. Why the Modular Design Works

Our experiments indicate that the primary strength of Syn-
Crash lies in its modular decomposition of the problem into
temporal, spatial, and classification stages. This design is
particularly well-suited to the zero-shot sim-to-real setting
of the benchmark, where different components of the task
exhibit distinct sensitivities to domain shift.

First, temporal localization benefits from learned repre-
sentations. Motion dynamics such as approaching vehicles
and abrupt deceleration patterns transfer reasonably well
from synthetic to real data when combined with domain-
bridging augmentations. The VideoMAEv2 [15] backbone
is effective in capturing these spatiotemporal cues, enabling



reliable prediction of accident timing.

In contrast, spatial localization is highly sensitive to do-
main gap. Differences in camera geometry, resolution, and
compression artifacts make it difficult for end-to-end mod-
els to generalize precise spatial predictions. By relying
on object-centric representations (via YOLO) and physics-
informed reasoning, our approach avoids learning fragile
visual mappings and instead exploits geometric relationships
that are largely domain-invariant.

Another key factor is the use of specialized components.
VideoMAEV2 [15] excels at temporal understanding but
provides only coarse spatial signals due to its patch-based
representation. Conversely, object detectors provide accurate
localization but lack temporal context. Decoupling allows
each component to operate in its regime of strength without
interference from competing objectives.

Finally, physics-based reasoning provides robustness.
Heuristics based on overlap, trajectory intersection, and ap-
proach velocity rely on geometric consistency rather than
learned appearance features, making them more stable under
noisy and low-resolution CCTV conditions.

Overall, these observations suggest that, under training-
free constraints, combining learned temporal representations
with object-centric detection and physics-informed reason-
ing offers a more reliable alternative to fully end-to-end
approaches.

5.2. What Did Not Work (and Why)

In addition to our final pipeline, we explored several alterna-
tive approaches that, while promising in principle, did not
perform reliably under the constraints of the benchmark.
Joint multi-task learning using a shared backbone (e.g.,
ViViT) struggled to balance competing objectives. While
temporal signals were partially captured, spatial predictions
were unstable and classification exhibited strong bias to-
ward dominant classes. This suggests that tightly coupling
heterogeneous tasks under domain shift can degrade over-
all performance. Grad-CAM [8] based spatial localization
was evaluated as a lightweight alternative that reuses the
temporal model for spatial prediction. However, the coarse
resolution of patch-level attention maps and their sensitivity
to synthetic-to-real domain differences resulted in imprecise
localization, particularly in multi-vehicle scenarios. Query-
based temporal reasoning with a Q-former [9] improved
long-range temporal context modeling, but introduced higher
computational overhead and lacked explicit mechanisms
for spatial grounding. As a result, it was less effective for
tasks requiring precise (x,y) localization. Motion-based
approaches using optical flow (RAFT) [12] aimed to capture
collision-specific motion discontinuities. However, these
methods were highly sensitive to noise, compression arti-
facts, and low contrast in CCTV footage, leading to unstable
motion features and inconsistent predictions. Graph-based

interaction models attempted to represent traffic scenes as
dynamic graphs of interacting vehicles. While conceptually
appealing, their performance depended heavily on accurate
tracking and stable detections, which are difficult to obtain
in low-quality surveillance videos.

Overall, these findings highlight that methods relying
heavily on dense motion estimation or complex relational
modeling are less robust in degraded visual conditions, and
reinforce the effectiveness of simpler, modular approaches
that leverage domain-invariant reasoning.

5.3. Practical Insights for Zero-Shot Accident De-
tection

Based on our experiments, we identify several practical in-
sights for accident understanding under zero-shot sim-to-real
constraints. Decoupling temporal localization, spatial pre-
diction, and classification is critical, as these tasks exhibit
different sensitivities to domain shift; separating them leads
to more stable and interpretable performance than joint mod-
els. For temporal reasoning, motion cues such as vehicle ap-
proach and sudden deceleration transfer more reliably from
synthetic to real data than appearance features, especially
with domain-bridging augmentations. For spatial reasoning,
object-centric representations are more effective, as explicit
detections provide a reliable basis for modeling interactions
compared to implicit attention maps. Physics-based cues, in-
cluding overlap, trajectory intersection, and approach veloc-
ity, generalize well across domains and remain robust under
noise. In contrast, methods relying heavily on dense motion
estimation or complex relational modeling are sensitive to
noise and require high-quality inputs, limiting their effective-
ness in low-resolution CCTV settings. Overall, combining
learned temporal representations with simple, interpretable,
physics-informed spatial reasoning provides a practical and
robust solution under limited supervision.

6. Limitations

Our approach has several limitations. Collision-type classi-
fication relies on simple heuristics and struggles with fine-
grained multi-vehicle interactions, especially under noisy
detections. Spatial localization depends on detection quality,
making it vulnerable in crowded or low-resolution scenes.
Temporal localization is limited by fixed-length clips, reduc-
ing sensitivity to very short or gradual events. The pipeline
is also sequential, with no feedback between stages, limiting
joint optimization. While robust to sim-to-real conditions,
the method does not explicitly perform domain adaptation
and may degrade under extreme lighting, weather, or view-
points. Improving interaction modeling, detection robust-
ness, and tighter stage integration are important directions
for future work.
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