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Infrastructure-based perception systems using roadside LiDAR sensors have emerged as a
promising approach for enhancing traffic safety by providing elevated, occlusion-free
views of complex traffic scenarios. This paper presents a real-time collision detection
framework for infrastructure-mounted LiDAR that fuses three complementary geometric
criteria path intersection, corridor-based proximity, and bounding box penetration rather
than relying on a single detection test. Point cloud data is processed through ground
removal, background subtraction, Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) clustering, nearest-neighbor tracking, and constant-velocity trajectory
prediction. Unlike prior infrastructure LiDAR safety studies that validate retrospectively
against historical crash records, the proposed framework targets real-time, per-event
collision warning. The system is evaluated on 50 accident scenarios from the simulated
DeepAccident dataset across multiple prediction horizons; a 2-second horizon yields
precision of 0.70, recall of 0.89, and Fl-score of 0.78, suggesting a favorable balance
between early warning capability and prediction reliability. End-to-end processing latency
averages 97.4 ms on standard computing hardware, within the real-time budget of the 10
Hz LiDAR frame rate used in this deployment. As the evaluation is simulation-based, real-
world validation remains necessary to confirm practical effectiveness.

1. INTRODUCTION

The rise of deployed autonomous vehicles (AVs) and
connected transportation systems has created an urgent need
for robust perception and safety mechanisms that can operate
reliably in complex traffic environments. According to recent
studies, traffic accidents are considered one of the leading
causes of death globally, with intersection-related collisions
accounting for a significant proportion of urban traffic
fatalities [1]. Vehicle-based perception systems demonstrated
remarkable progress using advanced sensors and deep learning
algorithms [2]. In recent studies, multiple on-board LiDAR
and camera sensors have been utilized for crash scene analysis
[3, 4]. However, these methods still suffer from limitations
such as occlusion, limited field of view, and computational
constraints, which can compromise safety in critical scenarios.

Recently, infrastructure-based perception systems have
been widely used for accident detection and analysis [5, 6].
Particularly, those relying on roadside LiDAR sensors have
emerged as a promising complementary approach to enhance
traffic safety and support autonomous driving operations [7].

Unlike vehicle-mounted sensors that have several
limitations such as the ego vehicle’s perspective, infrastructure
sensors can provide an elevated, clear view of traffic
participants, enabling detection of vehicles and pedestrians
from different angles and a wider perspective that may be
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occluded from the perspective of approaching vehicles [8].
This capability is particularly valuable at complex
intersections where visual blockage such as buildings,
vegetation, and other vehicles frequently creates blind spots
[9].

Vehicle-to-Everything (V2X) communication technologies
have further paved the way for integrating infrastructure-based
perception with connected vehicles [10]. This allowed real-
time sharing of detected objects, trajectories, and potential
collision warnings [8, 11]. Therefore, shared or cooperative
perception systems that combine infrastructure and vehicle-
based sensing have demonstrated improved detection accuracy
and extended perception range compared to single-agent
systems [12]. Recent large-scale cooperative-perception
benchmarks such as TUMTraf V2X [13] and the Technical
University of Munich (TUM) traffic accident dataset [14]
further illustrate this trend, providing synchronized
infrastructure-vehicle sensor data for object detection and,
more recently, safety-critical event analysis. However, these
efforts primarily target perception and detection
benchmarking rather than real-time, per-event collision
prediction, which is the focus of the present work. However,
the practical deployment of such systems needs efficient
algorithms capable of real-time processing and collision
prediction [15].

LiDAR sensors offer distinct advantages over Red-Green-
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Blue (RGB) cameras for traffic monitoring and collision
detection applications. Indeed, LiDAR provides direct and
accurate depth measurements without relying on sterco
matching or depth estimation. This allows precise 3D
localization of objects regardless of ambient lighting
conditions [2, 16]. Moreover, LiIDAR maintains consistent
geometric accuracy across varying environmental conditions,
which overcomes camera-based systems that suffer from
performance degradation under low-light, glare, or adverse
weather conditions [17, 18]. Having this sensor as
infrastructure-mounted offers a fixed, elevated point that
eliminates ego-motion compensation requirements and
provides wider scene coverage compared to vehicle-mounted
sensors [12, 13].

Despite these advantages, a fundamental challenge for
learning-based collision detection is the lack of real accident
data from LiDAR sensors. Traffic collisions are usually rare
events, and the vast majority of autonomous driving datasets
capture only normal, uneventful driving scenarios [14, 19].
Existing large-scale datasets such as nuScenes [20], KITTI
[21], and Waymo Open Dataset [22] contain extensive
recordings of typical traffic but lack annotated collision
events. This data imbalance severely limits what supervised
neural networks can realistically learn about pre-collision
dynamics [23, 24]. Synthetic datasets generated from
simulation environments such as CARLA offer a partial
solution by enabling controlled generation of accident
scenarios [19, 25], but the domain gap between simulated and
real-world data is a concern for deployment [26].

Given these constraints, physics-based collision detection
approaches that operate directly from kinematic principles
represent a practical alternative to data-driven methods [27,
28]. Such approaches rely on fundamental motion equations to
predict future trajectories and assess collision risk without
requiring labeled crash data for training. They can facilitate
validation and debugging, which is important for safety-
critical transportation applications [29]. Accordingly, this
paper presents a comprehensive framework for real-time
collision detection from an infrastructure LiDAR perspective.
The proposed system processes raw point cloud data through
a pipeline of ground removal, clustering, tracking, and
trajectory prediction. Then, it is followed by a geometric
collision detection module that identifies potential conflicts
through three complementary methods: parametric path
intersection analysis, corridor-based proximity detection, and
bounding box penetration testing. This approach avoids the
reliance on learned collision patterns that enable it to be
generalized across different intersection geometries and traffic
scenarios while maintaining real-time performance suitable
for practical deployment.

The main contributions of this work are: (1) a real-time
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collision detection framework for infrastructure LiDAR that
fuses three complementary geometric criteria path
intersection, corridor proximity, and bounding box penetration
to cover distinct collision geometries rather than relying on a
single test; (2) a systematic empirical characterization of the
trade-off between prediction horizon and detection
performance (precision/recall/F1) for physics-based trajectory
prediction at intersections, evaluated on 50 real accident
scenarios from DeepAccident with ground-truth collision
labels; (3) unlike prior infrastructure LiDAR safety work such
as Bhattarai et al. [30], which validates retrospectively against
historical crash-frequency records, our framework targets real-
time, per-event early-warning generation suitable for V2X
broadcast, with measured end-to-end latency (97.4 ms)
confirming real-time feasibility on standard hardware.

This paper is organized as follows: Section 2 presents the
algorithm pipeline and the experimental evaluation
methodologies. Section 3 introduces the results with a
comprehensive discussion. Finally, Section 4 concludes the

paper.

2. METHODOLOGY

This section of the paper presents the applied
methodologies, including the algorithmic pipeline and the
conducted experiments.

2.1 Algorithm

The algorithm pipeline is displayed in Figure 1. The point
cloud data obtained from infrastructure LiDAR are passed
through several processing steps for accident detection.
Specifically, the pipeline operates as a sequential, per-frame
process at the 10 Hz LiDAR frame rate. Preprocessed point
clouds (Section 2.1.1) are clustered into candidate objects with
estimated bounding boxes (Section 2.1.2, Object Detection).
These detections are then associated across frames by the
tracking module (Section 2.1.3), which maintains persistent
track identities and computes smoothed per-object velocities.
The current position and smoothed velocity of each tracked
object are passed to the trajectory prediction stage, which
extrapolates future positions over the prediction horizon t
using the constant velocity model. The resulting predicted
trajectories, together with the current object bounding boxes,
are then passed to the collision decision module (Section
2.1.4), which applies the three geometric checks described
below to generate collision warnings. Each stage consumes
only the most recent output of the preceding stage, forming a
closed detection — tracking — prediction — decision loop
repeated every frame, as illustrated in Figure 1.

OBJECT TRACKING

Nearest Neighbor COLLISION CHECKS

Association Path Intersection

Corndr Froamity Collision Warnings

BBox Penetration

Trajectory Prediction

Figure 1. Block diagram of the proposed collision detection framework. The input LIiDAR point cloud passes through several
stages for collision detection, and in order to generate real-time warnings
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2.1.1 Preprocessing

Raw point clouds contain substantial noise from static
infrastructure and irrelevant points. Therefore, we applied two
sequential operations: ground removal and background
subtraction.

Ground removal applies height-based filtering to eliminate
road surface points based on the known sensor mounting
height [31, 32]. Points below the ground threshold are
removed according to:

:Pfiltered = {pi eP | Zj > Zground} (1)
where, zg,ounq is the ground plane height relative to the sensor
frame, and P is the input point cloud, while Pfjjrereq is the
processed point cloud. Background subtraction relies on a
learned reference model of the static environment to compare
incoming points against it. A KD-tree spatial index [33] is
constructed from a reference point cloud P, captured when
the scene is empty. For each incoming point p;, the nearest
neighbor distance is computed:

di m}»n Il p; —Dj ”2

Dj€Pref (2)

Points with d; > dipresnoia are classified as dynamic, where
is the background distance threshold. This approach efficiently
isolates dynamic objects from static infrastructure such as
buildings, signs, and parked vehicles.

2.1.2 Object detection

The filtered dynamic points are processed to identify and
localize individual objects through clustering and bounding
box estimation. The Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm [34, 35]
groups nearby points into discrete objects without requiring a
predefined number of clusters. A point is classified as a core
point if it has at least N,,;, neighbors within radius ¢:

|Ns(p)| = Nmin (3)

where,

N.®)={q€PIlp—ql,<e} (4)
For each detected cluster Cy, the centroid is computed as the
mean position of all constituent points:

©)

Additionally, an axis-aligned bounding box ( bg) is
computed for each cluster by computing the minimum and
maximum coordinates:

b = | min (xp, i, 21), max (x;, yi, %i) (©)
2.1.3 Object tracking

Detected objects are linked across frames using nearest-
neighbor matching with a KD-tree for efficient spatial queries
[36]. For each new detection, accordingly, the algorithm
searches the centroids from the previous frame to find the
closest match within a distance threshold. Matched centroids
preserve the object identity, while unmatched detections
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initialize new tracks [37]. Track identity is preserved via
greedy nearest-neighbor assignment: for each new detection,
the closest track within d;rqc (3.0 m) is matched if not
already claimed by another detection in the same frame,
preventing duplicate assignment. Unmatched tracks are
retained for up to 5 consecutive missed frames (0.5 s at 10 Hz)
before deletion, allowing brief occlusions without an ID
switch; unmatched detections are assigned a new,
incrementing track ID.

The object velocity is estimated based on consecutive
centroid position differences over the known time interval:

p®) —p(t—-1)

Y ()

v(t) =

where, p(t) is the object centroid at time t and At =0.1 s (at 10
Hz frame rate).

To reduce noise sensitivity, exponential smoothing is
applied [38]:

() =a-vt)+ (1 —-a) 5(t—1) (8)

where, «a 0.3 is the smoothing factor balancing
responsiveness and stability. Future positions are extrapolated
using the constant velocity model:
pit+1)=p®) +v(t) 7 )

where, p(t) is the current position, 7(t) is the smoothed
velocity, and t represents the prediction horizon in seconds.

A constant velocity model was selected over higher-order
alternatives (e.g., Kalman filtering, IMM, or learned motion
models) to preserve the low per-frame latency required for
real-time operation within the 100 ms budget imposed by the
10 Hz LiDAR frame rate (Section 3). This choice trades
prediction accuracy for maneuvers involving acceleration,
braking, or turning against computational simplicity, a trade-
off examined empirically in Section 3.

2.1.4 Collision detection

For collision detection, we proposed an approach that
analyzes the predicted trajectories of all tracked objects using
three geometric checks:

Path Intersection: For each pair of objects (i, j), trajectory
segments are modeled as parametric lines. A collision is
predicted if the line segment from one object intersects with
the line segment of another object within the prediction
horizon. The intersection point is computed by solving:

pi(t)+s- v, =p;t)+71-7; (10)
where, s, r € [0, 7] are the time parameters. An intersection
exists if both parameters fall within valid bounds.

Corridor Proximity: The minimum distance between two
trajectory segments is computed to detect near-miss scenarios
[39]:

dmin(L)) = min I i(E+) =g+ 1° ()

A collision warning is issued if din <dcorridor » Where

dcorridor 18 the safety corridor threshold.

Bounding Box Penetration: At each predicted time step,
the axis-aligned bounding boxes of objects are tested for



spatial overlap [40]. Two bounding boxes (b;) and (b;) overlap
if and only if they intersect along all three axes.

A collision warning is generated when any of the three
geometric checks indicates a potential collision within the
prediction horizon 1. The three checks are not independent
votes requiring arbitration: path intersection and corridor
proximity are evaluated jointly per trajectory-segment pair
(corridor proximity is only tested if no direct geometric
intersection is found), while bounding box penetration is
evaluated independently against tracked object extents. A
warning is issued whenever any check is satisfied for a given
object pair (logical OR), and all warnings are treated as equally
critical; no severity ranking or deduplication is applied across
the three criteria, so a pair triggering multiple checks may
generate more than one recorded warning for that pair. These
warnings can be broadcast via V2X communication
infrastructure to alert approaching vehicles and vulnerable
road users [41]. Table 1 summarizes the key parameters used
in the algorithm. The parameters in Table 1 were manually set
based on sensor deployment geometry and domain knowledge
(e.g., LIDAR mounting height, typical vehicle spacing and
dimensions, 10 Hz frame rate) rather than a formal grid search
or optimization procedure.

Table 1. Algorithm parameters

Parameter Symbol Value
Ground height threshold Zground -2.5m
Background distance threshold dinresh 0.3m
DBSCAN radius £ 1.5m
DBSCAN minimum points Npin 5
Tracking distance threshold dirack 3.0m
Velocity smoothing factor a 0.3
Frame rate 1/At 10 Hz
Corridor safety threshold dcorridor 2.0m
Prediction horizon T 1,2,3s

2.2 Experiment and evaluation

The proposed algorithm is implemented in ROS2 (Robot
Operating System 2), which provides a robust framework. It
has been widely used for AV development due to its real-time
capabilities, modular architecture, multi-sensor support and
communication [42-44]. While it is challenging to obtain real-
world collision datasets due to the rarity of accidents and
ethical constraints [45, 46], we evaluate the proposed system
using the DeepAccident dataset [19]. This dataset has over
57,000 frames across 285 accident scenarios, including rear-
end collisions, lateral collisions, and crossing-path conflicts.
In this research, we randomly selected 50 recordings, each
approximately 5 seconds in length, with a point cloud data
frame rate of 10 Hz. DeepAccident includes, for each scenario,
a dedicated roadside infrastructure agent equipped with a 32-
channel LiDAR mounted at a randomized elevated height
between 3 and 5 meters, in addition to four vehicle agents [19].
We use exclusively the infrastructure agent's LiDAR point
cloud stream, which provides a fixed, elevated viewpoint
consistent with real roadside LiDAR deployments, rather than
data from any of the vehicle-mounted sensors. This ensures
that the sensing geometry (mounting height, viewpoint,
occlusion pattern) matches the intended real-world
deployment scenario targeted by this work. The 50 recordings
were selected via simple random sampling from the 285
available DeepAccident scenarios, without stratification by
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accident type, town, or weather, and are predominantly
signalized four-way intersections. Each recording begins with
normal traffic before the accident onset, so False Positives
(FPs) are assessed against both normal-traffic and collision
segments within the same recordings. The sampled recordings
predominantly involve collisions between two vehicles, with a
smaller number of scenarios involving a vehicle and a
pedestrian; a formal breakdown by collision category or object
count per scene was not logged. The system was visually
evaluated based on the occurrence or potential occurrence of
an accident using the following criteria:

1. True Positive (TP): A collision warning is issued, and an
accident occurs in the recording.

2. FP: A collision warning is issued, but no accident occurs.

3. False Negative (FN): No collision warning is issued, but
an accident occurs. Based on these definitions from the
confusion matrix, we compute precision, recall, and F1-score,
three widely adopted metrics for evaluating classification
systems [47, 48].

Precision measures the proportion of issued collision
warnings that correspond to actual accidents, quantifying the
system’s ability to avoid false alarms [49]:

TP

— 12
TP + FP (12)

Precision =

In the context of collision warning systems, high precision
indicates that when the system issues an alert, it is likely to be
a genuine collision scenario. This is particularly important to
prevent driver desensitization caused by frequent false
warnings, which could lead to ignored alerts during actual
emergencies [50].

Recall (also known as sensitivity or TP rate) measures the
proportion of actual collision events that were correctly
detected by the system [47, 51]:

TP

Recall = ————
A= TP I FN

(13)

For safety-critical applications such as collision warning
systems, high recall is essential as it reflects the system’s
ability to detect all potential collision events. A missed
detection (FN) in autonomous driving scenarios can have
severe consequences, making recall a particularly important
metric in this domain [52].

Fl-score is the harmonic mean of precision and recall,
providing a single metric that balances both concerns [51, 53]:

2 X Precision X Recall
Fl-score=————

Precision + Recall (14)

The harmonic mean is preferred over the arithmetic mean
because it penalizes extreme values; a system with very high
precision but low recall (or vice versa) will receive a lower F1-
score than one with balanced performance [54]. The F1-score
ranges from O to 1, where 1 indicates perfect precision and
recall, and values closer to 1 indicate better overall
classification performance. This metric is particularly valuable
for evaluating collision detection systems where both FPs
(unnecessary warnings) and FNs (missed collisions) carry
significant consequences [55].

These metrics were obtained for three cases based on the
predicted trajectory time horizon seconds (see Eq. (9)).



3. RESULTS AND DISCUSSION

Detection samples of 3 frames sequenced in time are
displayed in Figure 2. The figure shows the system's ability to
identify the risk of potential collision occurrence at the marked
red box. Table 2 presents the collision detection performance
across three prediction horizons.

From the results, we clearly observe a trade-off between
prediction horizon and detection performance. As the
prediction horizon increases, recall improves from 0.80 at T =
1 (s) to 0.90 at T =3 (s), indicating that longer horizons capture
more collision events. However, this comes at the cost of
precision, which decreases from 0.74 to 0.55, reflecting an
increase in FPs.

Figure 2. Sequential frames demonstrating collision
prediction
Left and center: the system identifies a potential collision (red marker) as
two vehicles approach. Right: the collision occurs at the predicted location,
validating the early warning.

Table 2. Collision detection performance by prediction

horizon
T(s) TP FP FN  Precision Recall F1-Score
1 37 13 9 0.74 0.80 0.77
2 40 17 5 0.70 0.89 0.78
3 44 36 5 0.55 0.90 0.68

Note: True Positive (TP); False Positive (FP); False Negative (FN).

The 1-second prediction horizon achieves the highest
precision (0.74) with a recall of 0.80, resulting in an F1-score
of 0.77. This configuration minimizes false alarms but may
miss some collisions due to the limited prediction window, as
evidenced by 9 FNs.

The 2-second horizon provides balanced performance with
precision of 0.70, recall of 0.89, and the highest F1-score of
0.78. The improved recall (from 0.80 to 0.89) indicates better
collision detection capability while maintaining acceptable
precision. This horizon reduces FNs from 9 to 5,
demonstrating improved sensitivity to impending collisions.
Manual inspection of the 17 FPs at the 2-second horizon shows
they arise mainly from two sources: intermittent
misdetections/track noise causing spurious velocity estimates,
and vehicles passing in close proximity without an actual
collision, which the geometric checks flag as conflicts. The 5
FNs largely correspond to cases where the conflict only
became geometrically apparent within the final portion of the
prediction window. These patterns indicate the false-positive
rate could be reduced by improved detection/tracking
robustness and tighter corridor thresholds, without necessarily
sacrificing recall. In addition to precision, recall, and F1-score,
we performed an approximate manual review of warning
timing relative to collision onset: across the reviewed
scenarios, warnings were generally issued within roughly one
second before or after the collision frame. This coarse estimate
is not derived from systematic per-event timestamp logging; a
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precise, log-based measurement of warning lead time,
detection delay, and false alarm rate (e.g., per unit of normal-
traffic exposure) is left for future work.

The 3-second horizon (s) achieved the highest recall (0.90)
but suffers from significantly degraded precision (0.55) due to
36 FPs compared to 13 and 17 for the shorter horizons. The
Fl-score drops to 0.68, indicating that the constant velocity
assumption in trajectory prediction becomes unreliable over
extended time periods, particularly for scenarios involving
vehicle maneuvers such as turning, braking, or acceleration.
This degradation directly reflects the constant velocity model's
core limitation: it cannot anticipate deceleration, acceleration,
or curvature changes, causing predicted positions to diverge
from true trajectories as the horizon lengthens. More
expressive models (e.g., Kalman filtering with maneuver
detection, or learned predictors) could reduce this error but
introduce additional per-frame computation; evaluating this
accuracy-latency trade-off against such models is left for
future work.

Based on these findings, the 2-second prediction horizon
offers the favorable balance between early warning capability
and prediction reliability for infrastructure-based collision
detection systems.

To assess the real-time feasibility of the proposed
framework, per-stage processing latency was measured on a
consumer laptop (Intel Core 15 processor) across
representative frames from the test dataset, using wall-clock
timing instrumented at the entry and exit of each processing
stage. As summarized in Table 3, data preprocessing and
object detection require 84.6 ms on average (median: 82.7 ms),
while object tracking and collision checking require 12.8 ms
on average (median: 10.1 ms). The end-to-end pipeline latency
averages 97.4 ms, comfortably within the 100 ms real-time
budget imposed by the 10 Hz LiDAR frame rate used in this
deployment, indicating the algorithm's feasibility for real-time
operation on standard computing hardware. Deployment on
embedded or edge-class hardware would require further
evaluation and is left as future work.

Table 3. Computational time per frame with 10 fps point

cloud
Process Mean Median
(ms) (ms)
Data preprocessing and object 84.6 827
detection
Object tracking and collision check 12.8 10.1
End-to-end pipeline 97.4 --

In comparison to the state of the art, the deep learning-based
accident anticipation methods have achieved high average
precision on ego-centric dashcam datasets [56, 57].

However, these approaches address a different problem
setting and are not directly comparable to our infrastructure-
based framework. The most closely related infrastructure-
based work is by Bhattarai et al. [30], who developed a
methodology for detecting rear-end conflicts at signalized
intersections using roadside LiDAR sensors. The researchers
combine three surrogate safety indices, Modified Time-to-
Collision (MTTC), Safety Deceleration Index (SDI), and
Conflict Severity Index (CSI) to determine a Rear-End
Conflict Index (RECI). They validated their method by
correlating identified conflicts with historical crash records
using regression models. However, they focus on conflict
identification and aggregate crash frequency prediction,



whereas our work addresses real-time collision prediction with
explicit detection performance metrics (precision, recall, F1-
score). Secondly, our approach has configurable prediction
horizons (s), which provide actionable early warnings,
whereas their RECI framework is primarily designed for
retrospective safety evaluation and intersection risk ranking.
In this simulated evaluation, a 2-second prediction horizon
achieves an F1-score of 0.78, suggesting a favorable balance
between early warning capability and prediction reliability;
whether this balance holds under real-world sensing
conditions remains to be validated and complements the
proactive safety analysis framework established by Bhattarai
et al. [30].

4. CONCLUSION

In this paper, we presented a real-time collision detection
framework from an infrastructure-mounted LiDAR
perspective for traffic safety at intersections. The system
applies several point cloud processing, and the collision risk is
assessed through path intersection, corridor-based proximity,
and bounding box penetration methods. The system was
evaluated based on 50 DeepAccident scenarios and showed
that the 2-second prediction horizon provides a good balance,
achieving precision of 0.70, recall of 0.89, and F1-score of
0.78. Based on this simulated evaluation, this physics-based
approach appears to be a promising alternative to learning-
based methods, which struggle with the lack of real-world
collision data; real-world validation is needed to confirm its
practical effectiveness. While DeepAccident's infrastructure
agent provides a geometrically realistic elevated LiDAR
viewpoint, the underlying point clouds are simulator-
generated and do not capture the full sensor noise
characteristics, multipath effects, and environmental clutter
present in real roadside LiDAR deployments; validation
against real-world roadside LiDAR recordings is therefore an
important next step before the reported performance figures
can be generalized to physical deployments. The 50 evaluated
recordings were also randomly sampled without stratification
across accident types, towns, or weather conditions; evaluation
on a larger, stratified sample is needed to confirm
generalizability, and did not track collision category (vehicle-
vehicle vs. vehicle-pedestrian) or object counts per scene in
detail. Future work will explore advanced motion models such
as Kalman filtering and intention prediction, along with V2X
[58] integration, real-world deployment validation, and
systematic quantification of warning lead time, detection
delay, and false alarm rate.
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