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16. Abstract
Vulnerable roadway users (VRUs)—including pedestrians, cyclists, and micromobility users—face
increasing safety risks at signalized intersections. However, traditional crash-based monitoring ap-
proaches are limited in their ability to capture near-miss events and behavioral conflicts that precede
crashes. This report investigates how emerging LiDAR-based sensing and AI/ML technologies can
improve VRU safety observability at signalized intersections through three interconnected research
thrusts.
First, a comprehensive survey of infrastructure-based sensing modalities and AI/ML methods is pre-
sented to examine the capabilities, limitations, and challenges of existing approaches. Future research
directions are identified to improve the robustness, scalability, and effectiveness of AI-powered inter-
section safety systems. Among the reviewed sensing technologies, LiDAR emerges as a particularly
promising primary modality for trajectory-level safety analysis due to its geometric precision and
robustness under varying lighting conditions. Second, to evaluate the reliability of LiDAR-based
VRU detection under sensor degradation, a systematic study of vertical LiDAR beam loss is con-
ducted across six 3D detection architectures using the KITTI (64-beam) and nuScenes (32-beam)
benchmark datasets. The results show that VRU detection performance remains relatively stable up
to approximately 20% beam loss but deteriorates rapidly beyond this threshold. Furthermore, con-
tiguous beam loss—commonly caused by sensor occlusion or lens contamination—is found to be
substantially more detrimental than dispersed beam loss of equivalent magnitude. These findings pro-
vide actionable insights for sensor maintenance, model selection, and operational risk assessment in
infrastructure-based sensing systems. Third, a roadside LiDAR-camera data collection site was es-
tablished at a signalized intersection in New York City, including object-level annotations for pedes-
trians and cyclists. Building upon this dataset, an end-to-end auditable safety-analysis framework is
developed and demonstrated using an 8,000-frame manually annotated roadside LiDAR dataset. The
framework integrates 3D detection, multi-object tracking, trajectory refinement, dynamics-aware sta-
bilization, and structured human-in-the-loop quality assurance to transform raw sensor observations
into defensible near-miss safety evidence. A case study involving a heavy vehicle-bicycle interaction
demonstrates how combined direction-agnostic and longitudinal time-to-collision analyses can reveal
lateral-intrusion-dominated conflict mechanisms that single-metric approaches fail to distinguish. To-
gether, these three contributions establish roadside LiDAR as a viable foundation for scalable, inter-
pretable, and auditable VRU safety monitoring at signalized intersections.
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EXECUTIVE SUMMARY
Pedestrians, cyclists, and other VRUs remain among the most exposed participants in urban trans-
portation systems, particularly at signalized intersections where turning vehicles, complex signal
phases, and dense multimodal interactions create elevated safety risks. Traditional safety monitor-
ing approaches—primarily crash reports and short-duration manual observations—are inherently
reactive and unable to capture the near-miss events and behavioral conflicts that often precede
serious collisions. This project investigated whether roadside LiDAR sensing, combined with ar-
tificial intelligence (AI) and machine learning (ML), can provide continuous, high-resolution, and
interpretable safety monitoring capable of supporting proactive intersection safety management.

The project began with a comprehensive assessment of infrastructure-based sensing technolo-
gies, including LiDAR, cameras, radar, and thermal sensors, alongside AI/ML methods for de-
tection, tracking, and behavior analysis. The review showed that while each sensing modality
offers unique strengths, none independently satisfies all operational requirements for scalable in-
tersection safety monitoring. Cameras provide rich semantic information but are sensitive to poor
lighting and adverse weather. Radar performs reliably under challenging environmental conditions
but lacks sufficient spatial resolution for detailed VRU trajectory analysis. Thermal sensors sup-
port nighttime monitoring but cannot reconstruct accurate motion trajectories. LiDAR emerged
as the most promising primary sensing modality because of its ability to capture precise three-
dimensional geometry independent of ambient lighting conditions. However, the survey also iden-
tified important challenges, including sensor cost, gradual degradation, and the sparse point cloud
representation of pedestrians and cyclists. The findings highlighted the importance of future mul-
timodal sensing systems while also demonstrating that LiDAR-first deployments combined with
human-in-the-loop validation provide a practical near-term pathway for infrastructure-based safety
analytics.

To evaluate the reliability of LiDAR-based VRU detection under real-world operational degra-
dation, the project conducted a systematic investigation of vertical LiDAR beam loss across six
state-of-the-art 3D detection architectures using the KITTI and nuScenes benchmark datasets.
Simulated degradation experiments demonstrated that VRU detection is substantially more sen-
sitive to sensor degradation than vehicle detection. While vehicle detection remained relatively
stable even under severe beam loss, pedestrian and cyclist detection deteriorated rapidly once beam
loss exceeded approximately 20%. The study further revealed that contiguous beam loss—commonly
caused by dirt, mud, ice, or water occlusion on the sensor aperture—is significantly more damag-
ing than dispersed beam loss of the same magnitude because it creates concentrated geometric
blind zones. In addition, beams located in the mid-to-high elevation range were found to be partic-
ularly important for accurately capturing pedestrian and cyclist geometry. These findings provide
practical guidance for roadway agencies and operators, including the use of approximately 20%
beam loss as a maintenance threshold, prioritization of sensor cleaning in critical aperture regions,
and consideration of contiguous degradation scenarios during operational risk assessments.

Building upon these findings, the project established a real-world roadside LiDAR-camera data
collection site at the signalized intersection of Convent Avenue and West 141st Street in New York
City. The deployment integrated a 128-beam Ouster OS-1 LiDAR sensor, a pan-tilt reference
camera, and GPU-enabled edge computing infrastructure. Approximately 8,000 LiDAR frames
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were manually annotated across four object categories: cars, trucks, bicycles, and pedestrians.
Using this dataset, the project developed an end-to-end auditable safety-analysis framework that
integrates 3D object detection, multi-object tracking, trajectory refinement, dynamics-aware sta-
bilization, and structured human-in-the-loop quality assurance. Rather than treating AI outputs
as unquestionable ground truth, the framework emphasized iterative human review to verify de-
tections, validate trajectories, and refine near-miss evidence through multiple quality assurance
rounds.

A detailed heavy vehicle-bicycle near-miss case study demonstrated the value of this inter-
pretable approach. Direction-agnostic time-to-collision metrics identified a critical conflict event,
while longitudinal time-to-collision analysis revealed that the event was dominated by lateral intru-
sion rather than direct rear-end closing behavior. This distinction provided deeper insight into the
underlying conflict mechanism and illustrated how relying on a single safety metric can obscure
important contextual information needed for effective countermeasure selection.

Overall, the project establishes roadside LiDAR as a viable foundation for scalable, inter-
pretable, and auditable VRU safety monitoring at signalized intersections. The work contributes
both methodological and practical insights, including quantified degradation thresholds, sensor
maintenance guidance, structured human-in-the-loop validation procedures, and interpretable con-
flict analysis techniques. Together, these contributions advance the development of infrastructure-
based AI safety systems capable of supporting proactive transportation safety management and
future connected intersection applications.
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1 INTRODUCTION
Signalized intersections are among the most dangerous locations in the urban roadway network
for pedestrians and cyclists. Turning conflicts, overlapping signal phases, limited sight lines, and
the proximity of fast-moving vehicles to people on foot or on a bicycle create conditions where
a momentary failure of attention—by a driver, a pedestrian, or a cyclist—can have irreversible
consequences. In the United States, 16% of all pedestrian fatalities and 29% of all cyclist fatal-
ities occur at intersections (National Center for Statistics and Analysis, 2024c, 2024a). In New
York State alone, VRUs accounted for 24% of all fatal and serious injury crashes at signalized
intersections between 2017 and 2021 (New York State Department of Transportation, 2023). De-
spite sustained investment in safety programs such as NYC’s Vision Zero initiative and the federal
Highway Safety Improvement Program, progress has been slow—in part because the data tools
available to agencies do not match the scale or resolution of the problem.

The fundamental limitation is that traditional safety monitoring is reactive. Police crash reports
document what happened after a collision, not the near-misses, evasive maneuvers, and yielding
failures that accumulate at a site long before a crash is recorded. Manual field observation can
capture some of this pre-crash behavior, but it is expensive, short in duration, observer-dependent,
and impossible to scale across the thousands of intersections that warrant attention (Ismail, Sayed,
& Saunier, 2009; Watson, Watson, & Vallmuur, 2015). Agencies trying to prioritize safety invest-
ments are therefore working with evidence that may be incomplete: they can see where crashes
have already happened, but have limited visibility into where they may be about to happen.

Emerging roadside sensing technology and AI-driven perception methods offer a fundamen-
tally different approach. A fixed sensor deployed at an intersection can observe every interaction
that occurs—every pedestrian crossing, every cyclist maneuver, every vehicle turning movement—
continuously and without observer fatigue. Machine learning models can detect, classify, and track
road users in real time from the resulting data streams, and surrogate safety metrics such as time-to-
collision can be computed from the resulting trajectories to flag conflict events before they escalate
into crashes. The promise is a shift from reactive crash monitoring to proactive safety auditing:
identifying hazardous patterns early enough to act on them.

Among available sensing modalities, LiDAR is a strong candidate for this role at the infras-
tructure scale. Unlike cameras, it operates independently of ambient lighting and produces precise
three-dimensional geometry that supports accurate trajectory reconstruction. Unlike radar, it pro-
vides sufficient spatial resolution to detect and classify individual pedestrians and cyclists. Its
remaining limitations—cost, sensitivity to weather, and the sparse point clouds it produces for
small VRUs—are real constraints that need to be understood and managed carefully. This project
takes those constraints seriously: rather than assuming that a deployed LiDAR system will work
as well as a laboratory benchmark, it investigates how sensor degradation affects detection perfor-
mance, what the failure thresholds are, and how an analysis pipeline must be designed to remain
trustworthy even when the underlying data is imperfect.

Equally important is the question of trust. A safety evidence record that cannot be inspected,
challenged, or traced to its source is not useful for agency decision-making. Engineers need to
explain their findings to non-specialist reviewers; project managers need to defend prioritization
decisions; regulators need to audit the evidence behind safety improvements. This requires not
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just automated detection and tracking, but an auditable pipeline in which every step—from raw
sensor data to near-miss classification—is transparent, reviewable, and defensible. Building such
a pipeline for roadside LiDAR, and demonstrating it on real field data, is the central practical goal
of this project.

1.1 Research Contributions
This report advances the application of LiDAR-based sensing and AI/ML methods for VRU safety
at signalized intersections through three interconnected research contributions.

The first contribution is a systematic survey of infrastructure-based sensing technologies and
AI/ML methods for VRU detection, tracking, and behavioral analysis at signalized intersections
(Section 2). The survey evaluates LiDAR, cameras, radar, and thermal sensing against a common
set of deployment criteria, examines multi-modal fusion strategies, and maps the behavioral anal-
ysis and surrogate safety measure literature. It identifies the key gaps that motivate the subsequent
empirical work: no existing infrastructure-side sensing system combines the detection quality,
sensor robustness characterization, and auditable pipeline design that practical safety applications
require.

The second contribution is a controlled empirical study of how vertical LiDAR beam loss
degrades 3D object detection performance, with particular attention to the asymmetry between
VRU and vehicle classes (Section 3). Six state-of-the-art detection architectures are evaluated on
the KITTI and nuScenes benchmark datasets under progressive beam removal, with up to 100
randomized trials per condition to produce statistically robust estimates. The study establishes a
20% beam-loss maintenance threshold, identifies mid-to-high elevation beams as the most damage-
sensitive for VRU detection, and shows that contiguous beam loss is significantly more harmful
than dispersed loss of the same magnitude—findings that translate directly into sensor specification
and maintenance practice.

The third contribution is an end-to-end auditable roadside LiDAR safety framework, demon-
strated on an 8,000-frame manually annotated dataset collected at a signalized intersection in New
York City (Section 4). The framework integrates 3D detection, multi-object tracking, trajectory re-
finement, dynamics-aware stabilization, and a structured iterative human-in-the-loop quality assur-
ance protocol to transform raw LiDAR data into reviewed, defensible near-miss safety evidence. A
dual time-to-collision analysis of a heavy vehicle-bicycle conflict reveals a lateral-intrusion mech-
anism that single-metric approaches cannot distinguish—demonstrating that interpretable conflict
diagnostics, not just event flagging, are achievable from roadside LiDAR at the intersection scale.

1.2 Report Organization
Section 2 surveys the technology landscape and analytical foundation, establishing the research
gaps this project addresses. Section 3 presents the beam-loss robustness study in full, from method-
ology and experimental design through results and practitioner guidance. Section 4 presents the
NYC intersection dataset, the auditable analysis pipeline, quantitative results across all pipeline
components, and a case-study near-miss analysis. Section 5 synthesizes the findings, draws out
policy and practice implications, and outlines the most important directions for future work.
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2 LITERATURE REVIEW
This section synthesizes the research landscape of AI-enhanced sensing technologies for VRU
safety at signalized intersections and establishes the conceptual and technical foundation for the
studies presented in Sections 3 and 4. The discussion is primarily based on the project team’s
published survey, AI-Enhanced Sensing for Vulnerable Road User Safety at Signalized Intersec-
tions: A Survey (Shang, Li, Amin, Kamga, & Wei, 2025). The survey comprehensively reviewed
infrastructure-based sensing modalities, including LiDAR, RGB cameras, radar, thermal sensing,
IoT/V2X systems, and emerging multi-modal sensing frameworks, together with AI/ML methods
for object detection, trajectory analysis, sensor fusion, behavioral analysis, and crossing-intention
prediction.

A central finding of the survey is that no single sensing modality can independently satisfy all
operational requirements for reliable VRU safety monitoring at signalized intersections. Cameras
provide rich semantic and visual information at relatively low cost but are sensitive to adverse
lighting and weather conditions. Radar offers strong robustness under rain and fog while directly
measuring object velocity, yet suffers from limited spatial resolution for detailed VRU classifi-
cation. Thermal cameras support nighttime monitoring but lack sufficient resolution for accurate
trajectory reconstruction. LiDAR emerged as a particularly promising primary sensing modality
because of its precise 3D geometric perception, centimeter-level positioning accuracy, and inde-
pendence from ambient lighting conditions. However, the survey also identified several important
limitations of LiDAR systems, including higher deployment cost, degradation under heavy rain,
sparse VRU point representations, and sensitivity to occlusion and sensor contamination.

The survey further emphasized that future intersection safety systems will likely rely on multi-
modal sensing architectures that exploit the complementary strengths of different sensors through
sensor fusion and AI-driven analytics. At the same time, the review highlighted the practical
trade-offs among sensing accuracy, robustness, interpretability, and deployment cost. In the cur-
rent study, LiDAR is utilized as the primary sensing modality for trajectory-level safety analy-
sis, while the co-located camera system is primarily used as a human verification and annotation
reference rather than for direct sensor fusion. Due to infrastructure deployment constraints, the
camera viewing angle was not geometrically aligned with the LiDAR coordinate system, limit-
ing accurate point-level or feature-level fusion between the two modalities. Consequently, the
study adopts a LiDAR-first, human-in-the-loop framework in which camera imagery supports
manual object verification and trajectory validation to improve the auditability and reliability of
the safety analysis pipeline. Future work will investigate more tightly synchronized and geometri-
cally aligned LiDAR-camera configurations to enable robust and cost-efficient multi-modal fusion
for infrastructure-based VRU safety monitoring systems.

2.1 Vulnerable Roadway User Safety at Intersections
VRUs—including pedestrians, bicyclists, motorcyclists, and micromobility users—face dispro-
portionate risk in roadway systems. Signalized intersections are especially critical because they
concentrate crossing movements, turning conflicts, queue discharge, transit access, and mixed in-
teractions among vehicles and non-motorized users. In the United States, VRUs have represented
a growing share of roadway fatalities in recent years. In 2022, 16% of all pedestrian fatalities oc-
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curred at intersections (National Center for Statistics and Analysis, 2024c), with even higher shares
among cyclists (29%) (National Center for Statistics and Analysis, 2024a) and motorcyclists (36%)
(National Center for Statistics and Analysis, 2024b). In New York State, VRUs comprised 24%
of all fatal and serious injury crashes at signalized intersections from 2017 to 2021 (New York
State Department of Transportation, 2023). Local and federal agencies have responded with com-
prehensive strategies such as NYC’s Vision Zero initiative and FHWA’s Highway Safety Improve-
ment Program, yet persistent data gaps in VRU behavior understanding and detection capability
continue to hinder effective intervention.

Traditional safety monitoring is poorly matched to this problem. Police crash reports capture
post-crash events but miss near-misses, evasive maneuvers, yielding failures, and other precursor
events that reveal risk before crashes occur (Ismail et al., 2009; Watson et al., 2015). Manual
field observation is labor-intensive, short in duration, and difficult to scale. These limitations,
combined with growing urban populations and increased active transportation demand, motivate a
shift toward proactive safety analysis using high-resolution sensor data and AI/ML models.

2.2 Surrogate Safety Measures and Conflict Analysis
Because crashes are rare relative to everyday interactions, surrogate safety measures are widely
used to infer risk from observed road-user behavior. Common measures include time-to-collision
(TTC), post-encroachment time (PET), speed profiles, gap acceptance, exposure, and trajectory-
based conflict indicators. Video-based approaches have demonstrated the feasibility of automated
pedestrian safety analysis (Ismail et al., 2009), while LiDAR-derived trajectory studies show that
infrastructure sensing can support traffic signal performance measures and pedestrian/vehicle tra-
jectory monitoring (Saldivar-Carranza, Zlatkovic, & Stevanovic, 2024).

The safety auditing framework in Section 4 extends this line of work by applying TTC as an
interpretable diagnostic within an auditable roadside trajectory pipeline (Shang & Li, 2026). It
contrasts direction-agnostic TTC with longitudinal TTC to distinguish lateral-intrusion-dominated
interactions from braking-limited interactions—a distinction important for characterizing conflict
mechanisms beyond simple proximity alerts.

2.3 Infrastructure-Based Sensing Technologies
The survey compares sensing modalities for VRU detection and monitoring: RGB cameras, ther-
mal cameras, LiDAR, radar, and connected infrastructure (Shang, Li, Amin, et al., 2025). Table 2
summarizes key cost and performance characteristics of each modality.

RGB cameras are low-cost, high-resolution, and semantically rich, supporting mature detection
pipelines such as YOLO (Redmon, Divvala, Girshick, & Farhadi, 2016) and Faster R-CNN (Ren,
He, Girshick, & Sun, 2015), but are sensitive to lighting, glare, occlusion, and adverse weather.
Thermal cameras address nighttime monitoring (Ghose et al., 2019; Kristo, Ivasic-Kos, & Pobar,
2020) but offer lower spatial resolution and struggle with temperature variations. Radar is weather-
robust due to its electromagnetic operating principle and directly measures velocity via the Doppler
effect; empirical studies confirm that radar maintains >95% detection accuracy in heavy rain (40+
mm/h) and dense fog (visibility <50 m) (Kang et al., 2025; Sezgin, Vriesman, Steinhauser, Lugner,
& Brandmeier, 2023; ?, ?). Under the same conditions, LiDAR performance can drop below 60%,
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Table 2: Comparison of Sensing Technologies for VRU Detection at Signalized Intersections

Sensor Strengths Limitations Cost / Frame Rate
RGB Cam-
era

High resolution, rich semantic
information

Poor low-light performance,
weather-sensitive

$200–$1,000 / 30–60
FPS

LiDAR Precise 3D geometry (1–2 cm
accuracy), lighting-invariant

High cost, <60% accuracy in
heavy rain

$4,000–$20,000 / 5–
20 Hz

Thermal Night vision capability,
weather-resistant

Lower spatial resolution,
temperature-sensitive

$1,000–$5,000 / 30
FPS

Radar >95% detection accuracy in
rain/fog, direct velocity mea-
surement

Low spatial resolution (0.5–
1 m at 100 m range)

$500–$2,000 / 10–20
Hz

with range reductions exceeding 30% at 40–45 mm/h rainfall and point cloud density decreasing
by up to 45% (Kang et al., 2025; Kim, Park, & Kim, 2023). However, radar’s spatial resolution
of 0.5–1 m at 100 m range limits its ability to distinguish and classify individual VRUs. LiDAR
provides precise 3D geometry and operates independent of ambient lighting, making it especially
valuable for trajectory reconstruction and geometric conflict analysis (Shang, Li, Amin, et al.,
2025). Its constraints—cost, beam resolution, weather sensitivity, and point-cloud sparsity for
small VRUs—directly motivate the beam loss study in Section 3.

2.4 LiDAR-Based Object Detection and Point-Cloud Learning
LiDAR-based VRU detection depends on models that transform sparse, irregular 3D point clouds
into object classes and bounding boxes. Table 3 summarizes key research contributions in this
area.

Table 3: Key Literature on LiDAR-Based VRU Detection

Reference Contribution
Lu et al. (2023) Point augmentation strategies to improve 3D VRU detection
Kong et al. (2024) Improved PointPillars for small 3D object detection
R. Zhang et al. (2025) CornerPoint3D: corner-based detection for better small-object localization
Nie et al. (2023) PARTNER: polar representation for LiDAR 3D object detection
Fu et al. (2021) Improved point pillar architecture tailored to VRU detection
Li et al. (2023) Point cloud reconstruction for precise VRU classification
L. Zhang et al. (2024) 3D VRU detection from low-resolution LiDAR using PCC and SAM
Saldivar-Carranza et al.
(2024)

Multi-LiDAR trajectory monitoring at signalized intersections

Foundational architectures include VoxelNet (Zhou & Tuzel, 2018), which pioneered end-to-
end 3D point cloud learning and achieved 89.3% mAP on the KITTI benchmark but required 0.23 s
per frame; PointPillars (Lang et al., 2019), which reduced inference to 16 ms through pillar-based
encoding, enabling real-time processing; and CenterPoint (Yin, Zhou, & Krahenbuhl, 2020), which
introduced center-based detection with 65.5% mAP on nuScenes and superior trajectory consis-
tency for multi-object tracking. Cost trends support broader deployment: solid-state LiDAR units
now cost $4,000–$8,000, compared to $15,000–$20,000 for mechanical systems. Low-resolution
sensors, when paired with point cloud completion and segment-based augmentation, can achieve
comparable VRU detection at 60–75% cost savings (L. Zhang et al., 2024). Training strategies that
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mix synthetic and real data can further improve performance: Jabłoński, Iwaniec, and Zabierowski
(2022) demonstrated an F1-score of 0.84 using combined CARLA-generated and real-world train-
ing data, outperforming a model trained on real data alone (F1-score of 0.82). Small VRUs can
be represented by very few points, making detection sensitive to sensor resolution, viewing angle,
occlusion, and degradation—observations central to the beam loss study in Section 3.

2.5 Sensor Fusion and Cooperative Perception
Multimodal sensing combines complementary sensor strengths through three main fusion strate-
gies: data-level fusion (point cloud colorization with camera imagery), feature-level fusion (joint
neural network processing of multi-modal representations), and decision-level fusion (independent
per-modality detection followed by cross-modal association). Table 4 summarizes representative
multi-modal approaches for VRU detection.

Table 4: Representative Sensor Fusion Methods for VRU Detection

Reference Sensors Key Characteristics
Bijelic et al. (2020) LiDAR, Camera,

Thermal, Radar
Multimodal fusion for adverse-weather robustness

Palladin et al. (2024) LiDAR, Camera,
Radar

Sensor-adaptive weighting for 3D VRU detection

Wu et al. (2023) LiDAR, Camera Decision-level fusion; LiDAR excels at night, camera
by day

Z. Wang et al. (2025) LiDAR, Camera Feature-level fusion for joint representation learning

The complementary failure modes of different sensors provide the core motivation for fusion:
while radar maintains >95% accuracy in adverse weather conditions where LiDAR performance
can fall below 60%, combining both modalities creates robust all-weather detection capabilities.
Public datasets such as nuScenes (Caesar et al., 2020) support vehicle-side multi-modal perception
research, but a critical gap remains: most existing multimodal datasets are vehicle-side rather than
fixed roadside, motivating the infrastructure-side data collection in Section 4.

2.6 Behavioral Analysis and Advanced Applications
AI-enhanced sensing supports behavioral analysis beyond object detection. Mobile device use sig-
nificantly impairs VRU safety: distracted pedestrians exhibit approximately 20% lower walking
speed, increased path deviation, delayed signal response, and higher likelihood of crossing against
signals (Nasar, Hecht, & Wener, 2008; De Waard, Schepers, Ormel, & Brookhuis, 2010; Haque,
Kidwai, Thapa, Ghani, & Mtapure, 2025). Computer vision systems can detect distracted behavior
patterns from RGB imagery (Saenz, Sun, Wu, Zhou, & Yu, 2021), and multi-modal systems can
further reinforce this detection through LiDAR-derived speed profiles and radar velocity measure-
ments.

The VRUCrossSafe framework (Abdelrahman, Islam, & Abdel-Aty, 2025) exemplifies the
proactive safety potential of AI-enhanced sensing. The system combines YOLOv8 object detec-
tion with pose estimation to analyze body posture, head orientation, and trajectory characteristics
at 33 FPS, predicting crossing intention before VRUs actually step into the crossing zone. VRU-
CrossSafe achieves 94.67% crossing intention accuracy with detection typically 2–3 seconds ahead
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of actual crossing—sufficient lead time for automated signal activation, connected-vehicle warn-
ings, and safety audit event logging. It also demonstrates a 42.8% improvement in signal cycle
efficiency by enabling adaptive timing that responds to actual crossing demand. Smart infrastruc-
ture systems extend these capabilities toward active safety support, including pedestrian guidance
and adaptive signal control (Kulhandjian, 2024).

2.7 Challenges and Research Gaps
Environmental robustness, occlusion, privacy, cost, and scalability remain persistent challenges
across sensing modalities (Bowyer, 2004). Future directions include robust multimodal fusion,
edge AI for real-time applications, unified cross-site detection frameworks (Y. Wang et al., 2024),
agentic multimodal large language models for explainable safety analysis (Google DeepMind,
2024; Liu, Li, & Wu, 2023), and the integration of autonomous vehicle fleet data to study near-
miss scenarios at scale. Table 5 summarizes potential research and deployment trajectories for
LiDAR- and Vision-AI-based VRU safety systems across near-term, mid-term, and long-term time
horizons. In the near term, research is expected to focus on improving the practicality and deploy-
ability of infrastructure-based sensing through low-cost solid-state LiDAR, edge AI processing
for low-latency VRU detection, basic V2X-enabled safety alerts, and the use of agentic multi-
modal large language models (MLLMs) to support more explainable traffic analysis. Over the mid
term, advancements are likely to emphasize scalable multi-modal sensing networks, predictive
behavioral modeling of VRUs, cooperative infrastructure-vehicle perception systems, and unified
cross-domain detection frameworks capable of improving robustness across diverse environments.
Looking further ahead, long-term research directions envision fully integrated city-scale digital
twins, automated incident prevention systems, self-adapting intelligent intersection infrastructure,
and broader zero-fatality transportation ecosystems enabled by tightly coupled sensing, AI reason-
ing, and connected mobility technologies.

Table 5: Future Research Directions for LiDAR and Vision-AI in VRU Safety

Near-Term (1–2 years) Mid-Term (3–5 years) Long-Term (5+ years)
Low-cost solid-state LiDAR de-
ployment

Multi-modal sensor networks at
scale

City-wide digital twin integra-
tion

Edge AI for low-latency VRU
detection

Predictive VRU behavioral mod-
els

Automated incident prevention
systems

Basic V2X safety alerts at inter-
sections

Cooperative infrastructure-
vehicle systems

Self-adapting intersection infras-
tructure

Agentic MLLM for explainable
traffic analysis

Unified cross-domain detection
frameworks

Zero-fatality intersection ecosys-
tems

Three research gaps are particularly relevant to this project. First, there is a growing need for
sensing workflows capable of capturing VRU near-miss events and behavioral conflicts at a higher
spatial and temporal resolution than traditional crash reports can provide. Second, additional re-
search is needed to better understand the trade-offs between cost, robustness, and detection perfor-
mance of LiDAR-based VRU safety systems under realistic sensor degradation conditions. Third,
future safety applications could benefit from more auditable and interpretable analysis pipelines
that integrate object detection, multi-object tracking, structured human review, and surrogate safety
measures into a unified framework. Sections 3 and 4 address these gaps directly.

9



3 LIDAR RELIABILITY AND VRU DETECTION UNDER
SENSOR DEGRADATION

3.1 Introduction
The literature review in Section 2 identifies LiDAR beam resolution and sensing reliability as
critical deployment considerations, particularly for VRU classes that generate sparse point clouds.
Real-world roadside LiDAR systems are subject to progressive sensor degradation: individual
beams can fail due to hardware aging, dirt occlusion, water pooling, or contamination on the
sensor aperture. When beams are lost, the resulting point cloud is sparser and less geometrically
complete, potentially compromising the object detection models that depend on it. Understanding
how beam loss affects detection performance—and how that effect differs between vehicles and
VRUs—is essential for specifying sensors, setting maintenance thresholds, and selecting detection
models for safety-critical deployments.

This section presents a systematic investigation of how LiDAR beam reduction and sensor
degradation affect VRU detection performance in infrastructure-based safety applications. The
findings consistently show that VRU detection is substantially more sensitive to beam loss than
vehicle detection, with detection accuracy remaining relatively stable at moderate degradation
levels before deteriorating rapidly beyond critical thresholds. The analysis further demonstrates
that degradation patterns matter: contiguous beam loss, which may occur due to sensor occlusion
or contamination, produces significantly greater performance degradation than dispersed beam
loss of the same magnitude. These findings provide important insights into the robustness lim-
its, maintenance considerations, and operational reliability of LiDAR-based VRU safety systems.
The findings presented in this section are based on two peer-reviewed publications produced by
the research team (Shang, Li, Wei, & Kamga, 2025; Feng et al., 2026). The earlier study es-
tablished the sensitivity of VRU detection performance to LiDAR beam density using the KITTI
dataset and the PointPillars architecture, while the later journal study expanded the analysis to
multiple state-of-the-art 3D detection architectures across both KITTI and nuScenes datasets with
more comprehensive statistical evaluation. The present section primarily focuses on the broader
journal-scale analysis while referencing the earlier findings where appropriate.

3.2 Methodology
Datasets and Detection Models
The study is conducted on two established benchmark datasets for 3D LiDAR perception. The
KITTI dataset (Geiger, 2012) provides dense point clouds collected by a Velodyne HDL-64E
LiDAR scanner with 64 vertical beams. The training split contains 7,481 labeled frames span-
ning cars, pedestrians, and cyclists at easy, moderate, and hard difficulty levels. The nuScenes
dataset (Caesar et al., 2020) uses a Velodyne HDL-32E sensor with 32 channels and a 360° hori-
zontal field of view; the training and validation splits contain 28,130 and 6,019 frames, respectively,
across 10 semantic categories including pedestrian, cyclist, motorcycle, and car.

Six state-of-the-art 3D detection architectures are evaluated: PartA2 employs a hybrid two-
stage framework combining point-based and voxel-based processing for precise small-object local-
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ization; PointPillars transforms point clouds into 2D pseudo-images via vertical pillar encoding
for efficient real-time detection; SECOND leverages voxelization with sparse 3D convolutions;
PV-RCNN fuses voxel-level context with point-level precision through voxel-to-point feature ag-
gregation; SECOND-MultiHead extends SECOND with parallel class-specific detection heads;
and VoxelNeXt predicts directly from sparse voxel features in an end-to-end framework. These six
models span the major architectural paradigms in modern LiDAR perception and are pre-trained
on each dataset without any fine-tuning for degraded inputs, reflecting realistic deployment condi-
tions.

Beam Removal Protocol
Beam loss is simulated by progressively removing complete vertical beams from each point cloud
frame at increments of 4 beams. Two beam-identification methods are compared to validate ro-
bustness of the simulation to the choice of identification strategy.

Uniform-height-based identification partitions the point cloud into equal-height bins and as-
signs a beam index to each bin. This method is dataset-agnostic and requires no knowledge of
the sensor’s angular configuration; it is the primary method used for all comparative experiments
reported in this section.

Elevation-angle-based identification uses the sensor’s known laser elevation angles to assign
each return to its manufactured beam channel, faithfully reproducing the physical beam layout.
Comparing the two strategies across all six detectors and all removal counts, AOS and 3D AP
degradation curves are visually indistinguishable: the simpler uniform-height proxy reliably re-
produces sensor-physics beam assignment for the purpose of degradation analysis (Feng et al.,
2026). This correspondence justifies using the computationally cheaper uniform-height method
for the large-scale 100-run experiments.

For KITTI (64 beams), removal steps of 4, 8, 12, 16, 20, 24, 28, and 32 beams correspond to
removal rates of 6% to 50%. For nuScenes (32 beams), steps of 2, 4, 6, 8, 10, 12, 14, and 16 beams
span the same 6%–50% range.

Because the choice of which beams to remove at a given count significantly affects perfor-
mance, the study does not rely on single trials. Instead, at each removal level, beams are randomly
sampled and the process is repeated 100 times on KITTI and 10 times on nuScenes (reduced due
to the dataset’s ∼1 TB size). Mean performance and standard deviation are reported for each
configuration, providing statistically meaningful estimates rather than anecdotal single-run results.

Evaluation Metrics
RecallObj and RecallROI. RecallObj (referred to as Recall/RCNN in the OpenPCDet framework,
though the name can be misleading) measures the fraction of annotated ground-truth objects suc-
cessfully detected in the final model predictions. For single-stage models this is the recall of
the entire network; for two-stage models it specifically captures the recall of the final detection
head. RecallROI measures how well the Region Proposal Network covers ground-truth objects—
i.e., proposal-level recall before refinement. Both are reported at IoU thresholds of 0.3 and 0.5
(Recall_Obj_0.3 and Recall_Obj_0.5).

Recall-based evaluation is preferred over mean Average Precision in this study for two rea-
sons. First, in transportation safety applications missing an object (false negative) is typically more
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consequential than generating a spurious detection (false positive), so maximising coverage—not
precision–recall balance—is the primary objective. Second, recall is computationally efficient to
compute in real-time monitoring contexts (Feng et al., 2026).

3D Average Precision (3D_R40). The 3D series metrics on KITTI report Average Precision
for 3D object detection using the R40 protocol, which evaluates the Precision–Recall curve at 40
uniformly spaced recall positions. Three difficulty levels are defined by truncation, occlusion, and
minimum bounding-box height (Table 6).

Table 6: KITTI object difficulty criteria for the Car, Pedestrian, and Cyclist categories (Feng et al.,
2026).

Criterion Easy Moderate Hard

Min. bounding-box height (px) ≥ 40 ≥ 25 ≥ 25
Max. truncation ≤ 15% ≤ 30% ≤ 50%
Max. occlusion Fully visible Partly occluded Heavily occluded

Average Orientation Similarity (AOS_R40). AOS measures the orientation similarity and ac-
curacy between predicted and ground-truth bounding-box angles. The metric captures whether a
detector not only localises objects but also predicts their heading direction correctly—a require-
ment for trajectory prediction and collision-avoidance systems. For a detection set D(r) at recall
r = T P

T P+FN , the orientation similarity score is:

s(r) =
1

|D(r)| ∑
i∈D(r)

1+ cos(∆θi)

2
(1)

where ∆θi is the discrepancy between the predicted and ground-truth orientation of detection i.
The final AOS score integrates over 40 recall positions:

AOS =
1

40 ∑
r∈{0, 0.025, ..., 1}

max
r̄≥r

s(r̄) (2)

Difficulty levels and R40 evaluation protocol are the same as for 3D AP above.

AP@0.5m (nuScenes). For nuScenes, performance is reported as Average Precision at a 0.5 m
centre-distance threshold (AP@0.5m). A detection is counted as a true positive if its predicted
centre lies within 0.5 m of the ground-truth centre in the bird’s-eye-view plane, irrespective of
bounding-box orientation or size; matches with center distance exceeding this threshold are treated
as false positives. Because AP metrics at different centre-distance thresholds (0.5 m, 1.0 m, 2.0 m,
4.0 m) are highly correlated across beam-removal conditions, AP@0.5m is used throughout as a
representative proxy for observing degradation trends as removed-beam count varies (Feng et al.,
2026).
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3.3 Results
Variability of Beam-Loss Effects
A key methodological motivation for the randomized multi-run design is that performance varies
substantially depending on which specific beams are removed, even when the total count is held
fixed. Figures 1 and 2 illustrate this variability for PV-RCNN on KITTI. Across ten independent
runs each removing four beams, Car AOS/Easy (panel a) shows moderate run-to-run variation;
when 32 beams are removed (panel b), the spread between best and worst runs reaches approx-
imately 20 percentage points. This variability motivates the randomized sampling strategy and
makes single-run evaluations unreliable for sensor specification decisions.

Figure 1: PV-RCNN Car AOS/Easy across ten
independent 4-beam removal runs on KITTI.
Letters A–J denote individual runs.

Figure 2: PV-RCNN Car AOS/Easy across ten
independent 32-beam removal runs on KITTI,
showing up to 20-point spread between best
and worst runs.

Beam-Loss Location Sensitivity
Performance degradation is strongly dependent on the vertical location of the missing beams, not
only their count. To isolate this effect, the study removes blocks of 4 or 8 beams starting at
every possible position in the vertical scan and records the resulting detection performance. Fig-
ure 3 shows the progressive loss of pedestrian point-cloud geometry as 0, 8, 16, and 32 beams are
removed—demonstrating how rapidly structural cues for human body geometry disappear. Fig-
ures 4 and 5 show the SECOND detector’s location-sensitivity map for 4-beam and 8-beam block
removal, respectively. Each bin on the horizontal axis represents 4 beams; bin 1 is at the bottom
(beams 0–3) and bin 16 is at the top (beams 60–63).
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Figure 3: Progressive degradation of a pedestrian point cloud with 0, 8, 16, and 32 beams removed
(left to right): raw 3D view, front view, side view, and top view.

Figure 4: Location sensitivity of SECOND
3D/Moderate with 4-beam block removal.
Strongest degradation occurs in high-elevation
bins (9–13) corresponding to pedestrian and cy-
clist torso geometry.

Figure 5: Location sensitivity of SECOND
3D/Moderate with 8-beam block removal. The
same high-elevation pattern holds, with steeper
absolute drops than the 4-beam case.

For cars, the most severe degradation occurs when bins 11–13 (beams 40–55) are removed; for
pedestrians, bins 9–13 (beams 36–55); for cyclists, bins 9–14 (beams 36–59). These mid-to-high
elevation beams capture the upper body, head, and frame geometry of VRUs. The 8-beam block
experiment confirms the same spatial pattern with steeper absolute performance drops. This finding
has a direct implication for maintenance practice: lens cleaning strategies and protection should
prioritize high-elevation regions of the LiDAR aperture, and risk assessment should explicitly flag
contiguous-loss scenarios—such as mud or water occlusion—because they cluster in the damage-
sensitive angular bands.

General Degradation Patterns
Figure 6 presents the complete AOS and 3D AP degradation curves for the SECOND detector on
the KITTI dataset as vertical beams are progressively removed from 0 to 32. Lines indicate mean
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performance across 100 randomized runs; shaded bands show one standard deviation.

(a) AOS Easy (b) AOS Moderate (c) AOS Hard

(d) 3D Easy (e) 3D Moderate (f) 3D Hard

Figure 6: AOS (top row) and 3D AP (bottom row) of the SECOND detector on KITTI for easy,
moderate, and hard cases. Blue: car; orange: pedestrian; green: cyclist. Lines are mean across 100
runs; bands are one standard deviation.

Three patterns stand out. First, car detection (blue) remains robust throughout: even at 50%
beam removal (32 beams), car AOS declines by less than 20% in the easy case, reflecting the large,
geometrically distinctive shape of vehicles. Second, VRU detection degrades sharply. Cyclist
AOS drops by more than 50% when 32 beams are removed (easy case: 82.94% → 40.85%; hard
case: 62.92% → 25.23%), and the decline is steeper in harder conditions where targets are already
partially occluded or distant. Pedestrian AOS also degrades substantially but remains slightly
more resilient than cyclist—the latter’s bicycle frame provides even fewer point returns than a
standing pedestrian, making it more sensitive to any beam reduction. Third, standard deviation
widens as more beams are removed: with more possible combinations of missing beams, individual
run outcomes diverge, confirming that performance becomes less predictable at high degradation
levels.

Contiguous vs. Dispersed Beam Loss
Beyond how many beams are lost and where, the spatial pattern of loss also matters. Contiguous
loss—where adjacent beams are all disabled, as occurs with mud occlusion or water pooling on
the lens—differs from dispersed loss, where missing beams are spread across the vertical scan.
Figure 7 compares these two modes for the SECOND detector.
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(a) AOS Easy — Contiguous (b) AOS Easy — Dispersed

(c) 3D Hard — Contiguous (d) 3D Hard — Dispersed

Figure 7: Comparison of contiguous (left) and dispersed (right) beam loss on SECOND evaluated
on KITTI. Top row: AOS/Easy; bottom row: 3D AP/Hard. Contiguous loss consistently produces
greater performance degradation and higher variance.

Both loss patterns produce similar qualitative trends—VRUs degrade faster than cars, and
degradation accelerates at higher removal counts—but contiguous loss consistently incurs more
severe performance drops and higher variance than dispersed loss of the same total beam count.
Examining the SECOND detector on KITTI as an illustrative case: at 16 beams removed (25%
loss), contiguous removal reduces Cyclist AOS/Easy by approximately 15 percentage points more
than dispersed removal; at 32 beams (50% loss), the gap widens further, and the standard deviation
under contiguous removal is roughly twice that under dispersed removal. The same ordering holds
for Pedestrian AOS and for 3D AP at all difficulty levels.

The physical interpretation is straightforward. Dispersed loss removes one beam at regular
angular intervals, preserving the coarse geometric skeleton of an object: the detector still receives
point returns spanning the object’s full height, just at lower density. Contiguous loss, by contrast,
creates a complete vertical gap in the scan—removing all returns from a specific height range and
destroying structural cues such as head and shoulder geometry for pedestrians, or wheel and frame
geometry for cyclists. This is precisely the failure mode produced by mud occlusion, ice buildup,
or standing water on a lens aperture, all of which block a contiguous angular band.

This finding is consequential for maintenance planning and environment-specific sensor speci-
fication. Sensors deployed in environments prone to frontal occlusion (mud splatter, ice formation,
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low-angle rain, or bird fouling) face a materially more severe risk profile than sensors in open,
clean-air deployments, even when the total fraction of lost beams is identical. Maintenance in-
tervals and alert thresholds should therefore be calibrated to the pattern, not merely the count, of
beam failures reported by sensor diagnostics.

Quantitative Thresholds and Cross-Dataset Comparison
Table 7 reports 3D AP at Moderate difficulty (R40) for four detectors on KITTI across four beam-
completeness levels. Values are averaged over 100 randomized beam-removal runs.

Table 7: Impact of beam removal on KITTI 3D AP/Moderate (R40). Values are mean AP (%) over
100 randomized runs (Feng et al., 2026).

# Object Class PartA2 PointPillars PV-RCNN SECOND

100% beams (intact)
1 Pedestrian 59.76 51.43 55.18 51.18
2 Cyclist 70.16 62.92 69.72 66.72
3 Car 82.95 78.40 84.36 81.59

95% beams (4 beams removed)
4 Pedestrian 56.73 49.98 52.58 48.92
5 Cyclist 67.44 61.26 67.21 63.00
6 Car 82.31 77.08 82.66 79.90

80% beams (12 beams removed)
7 Pedestrian 48.99 45.26 46.72 42.87
8 Cyclist 59.42 56.27 59.98 55.17
9 Car 78.93 73.38 80.43 76.39

50% beams (32 beams removed)
10 Pedestrian 20.39 22.35 21.23 20.48
11 Cyclist 27.92 28.26 28.51 26.97
12 Car 62.49 52.85 62.52 56.82

Across all four detectors, performance remains relatively stable when up to 12 beams (80%
intact, approximately 20% removed) are lost, then drops sharply once 32 beams (50%) are re-
moved. The 20% threshold is consistent across models and categories, though VRU categories
decline more steeply than cars at every removal level. Notably, PartA2 achieves the highest base-
line accuracy for pedestrians (59.76%) and cyclists (70.16%) but also sustains the largest absolute
drop; PointPillars starts lower but declines more slowly in relative terms, particularly for cyclists
at heavy degradation (28.26% vs. PartA2’s 27.92% at 50% beams).

Table 8 reports AP@0.5m on the nuScenes dataset for VoxelNeXt and SECOND evaluated on
the 32-beam sensor platform. Values are averaged over 10 randomized runs.

The 20% beam-loss threshold holds on nuScenes: performance is relatively stable from 100%
to 80% intact beams, then accelerates its decline. Crucially, cyclist detection on nuScenes is al-
ready weaker at baseline—SECOND achieves only 16.31% AP@0.5m under intact conditions—
and degrades to 6.23% at 50% beam loss, a relative decline of 62%. This underscores that cyclist
detection is fragile on lower-resolution sensors even under ideal conditions and cannot tolerate
meaningful degradation.
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Table 8: Impact of beam removal on nuScenes AP@0.5m. Values are mean AP (%) over 10
randomized runs (Feng et al., 2026).

# Object Class VoxelNeXt SECOND

100% beams (intact)
1 Pedestrian 82.26 74.41
2 Cyclist 47.47 16.31
3 Car 73.03 71.96

90% beams (2 beams removed)
4 Pedestrian 81.14 73.64
5 Cyclist 45.86 15.96
6 Car 71.61 71.12

80% beams (6 beams removed)
7 Pedestrian 78.48 71.19
8 Cyclist 42.63 14.25
9 Car 69.18 68.44

50% beams (16 beams removed)
10 Pedestrian 62.19 55.57
11 Cyclist 25.45 6.23
12 Car 54.53 53.67

Figure 8 compares VoxelNeXt and SECOND-MultiHead across all removal levels on nuScenes.
While SECOND-MultiHead performs worse than VoxelNeXt at baseline (particularly for cyclists
and motorcycles), it shows a slower rate of degradation as beam count decreases—suggesting that
multi-head architectures with class-specific detection branches may be more resilient to sensor
degradation despite lower peak accuracy.

(a) VoxelNeXt AP@0.5m (b) SECOND-MultiHead AP@0.5m

Figure 8: Performance trends on nuScenes as a function of removed beams for VoxelNeXt (left)
and SECOND-MultiHead (right). SECOND-MultiHead exhibits slower degradation despite lower
baseline accuracy.

Figure 9 compares all four KITTI detectors side by side at intact, 8-beam removed, 20-beam re-
moved, and 32-beam removed conditions. The upper-left panel confirms that most models achieve
similar performance on intact data except PointPillars, which starts lower. The lower-right panel
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shows that at 32-beam removal PointPillars converges toward the performance of other models—
its relative degradation is smaller than for the higher-baseline models—confirming the resilience
advantage of its pillar-based encoding under sparse inputs.

Figure 9: Performance comparison of four detectors (PartA2, PointPillars, PV-RCNN, SECOND)
on KITTI at intact and three beam-removal levels. Metrics: Car AOS, Pedestrian AOS, Cyclist
AOS, Car 3D, Pedestrian 3D, Cyclist 3D.

3.4 Conclusion
This study yields the following conclusions for agencies planning or maintaining roadside LiDAR
systems:

• VRUs are disproportionately affected. Car detection remains relatively stable up to 50%
beam loss, while cyclist AOS drops by more than 50% at the same removal level. Sensor
configurations adequate for vehicle monitoring may fall below acceptable thresholds for
VRU safety at the same degradation level.

• The 20% beam-loss threshold. Detection performance across all detectors and both datasets
remains relatively stable until approximately 20% of beams are lost. Beyond this point, VRU
detection degrades rapidly and variance increases substantially. Agencies should treat 20%
beam loss as a maintenance trigger for roadside LiDAR systems monitoring pedestrians and
cyclists.
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• Location matters as much as quantity. High-elevation beams (bins 9–14 in a 64-beam
system) corresponding to human torso and head geometry are the most damage-sensitive.
Maintenance prioritization and risk assessment should focus on mid-to-high elevation aper-
ture regions.

• Contiguous loss is more harmful than dispersed loss. Sensors in occlusion-prone envi-
ronments (mud, ice, rain) face a higher effective risk than the raw beam-count fraction alone
would suggest. System-level risk assessments should include contiguous-loss scenarios.

• Higher resolution does not mean more robust. Comparing KITTI (64-beam) and nuScenes
(32-beam) results, higher-resolution sensors show no systematic advantage in relative re-
silience to beam loss. Raw beam count is not a reliable proxy for system reliability.

• Model selection depends on deployment context. PartA2 may be preferred when max-
imum VRU detection accuracy under intact or lightly degraded conditions is the primary
objective. PointPillars may be a suitable choice for deployments where sensor reliability is
uncertain or maintenance intervals are long, given its comparatively slower relative degrada-
tion. For nuScenes-type 32-beam environments, VoxelNeXt achieves higher baseline VRU
accuracy; SECOND-MultiHead degrades more slowly and may be preferable in harsh envi-
ronments.

These findings directly informed the design decisions in Section 4: the 20% threshold set
the baseline for sensor health monitoring, the identification of high-elevation beams as the most
damage-sensitive zone guided sensor mounting and aperture protection protocols, and the rela-
tive resilience ranking between model architectures motivated the selection of CenterPoint as the
primary detection backbone for the NYC intersection deployment.
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4 AN END-TO-END ROADSIDE LIDAR SAFETY AUDIT-
ING FRAMEWORK

4.1 Introduction
Autonomous driving and connected infrastructure systems have advanced rapidly in 3D detection,
tracking, and scene understanding, yet most deployed perception pipelines remain fundamentally
single-vehicle-centric and are constrained by occlusion, limited viewpoints, and partial observabil-
ity. These limitations are especially acute at urban intersections, where safety-critical interactions
often unfold across crosswalks, turning lanes, and transient blind zones. Vehicle-to-Everything
(V2X) and infrastructure-assisted perception offer a complementary paradigm by extending ob-
servability beyond the ego vehicle. This study addresses a key subproblem within this broader
infrastructure intelligence agenda: how can roadside sensing provide auditable and interpretable
safety evidence for reviewing safety-critical interactions at intersections? Auditability is studied
in the context of evidentiary transparency and reviewability—the ability of reviewers to inspect,
challenge, and trace the safety evidence record—rather than encompassing broader V2X trustwor-
thiness dimensions such as communication robustness or cybersecurity.

The literature review in Section 2 identifies a critical gap in the current research landscape:
most existing infrastructure-side sensing datasets and perception systems are oriented toward co-
operative perception and broad-scale training rather than auditable safety analysis. Transportation
agencies need not just detection and tracking outputs but defensible evidence records—traceable,
interpretable, and reviewable by both engineers and non-specialist decision-makers—that can sup-
port project prioritization, safety audit, and regulatory review.

This section presents an end-to-end roadside LiDAR safety-auditing framework for infrastructure-
assisted analysis at a signalized urban intersection in New York City. The work was published by
Shang and Li as Roadside LiDAR for Cooperative Safety Auditing at Urban Intersections: Toward
Auditable V2X Infrastructure Intelligence (Shang & Li, 2026) at the CVPR DriveX Workshop
(2026). The paper makes four contributions: (1) an end-to-end roadside LiDAR pipeline for au-
ditable safety analysis at a real-world urban intersection; (2) an 8,000-frame manually annotated
roadside LiDAR dataset with frame-level cuboid labels plus trajectory-level QA artifacts; (3) a
demonstration of how structured human review rounds transform raw detection and tracking out-
puts into a defensible near-miss analysis workflow; and (4) the use of longitudinal TTC contrasted
against direction-agnostic TTC as an explanatory diagnostic for distinguishing braking-limited and
lateral-intrusion-dominated conflict mechanisms. The primary contribution lies not in a novel per-
ception backbone but in a system design and validation methodology showing how standard per-
ception components can be constrained, stabilized, reviewed, and interpreted to produce defensible
safety evidence.

4.2 Related Work
Cooperative perception and vehicle–infrastructure systems aim to reduce observability gaps at
complex intersections through roadside sensing and shared scene context (Ji et al., 2024; Huang
et al., 2023; Yazgan et al., 2024). Roadside LiDAR has been applied to intersection monitor-
ing, traffic participant tracking, and occlusion-aware assistance at signalized sites (J. Zhang et
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al., 2026; Lin et al., 2023; Mo et al., 2024). Surrogate safety measures such as TTC and Post-
Encroachment Time (PET) are established tools for conflict analysis when crashes are too rare for
direct statistical estimation (Gettman & Head, 2003; Hydén, 1987; Johnsson et al., 2021); TTC
was originally formulated for longitudinal car-following settings and later generalized to uncon-
strained two-dimensional motion (Jansson, 2005; Ward, Agamennoni, Worrall, Bender, & Nebot,
2015).

Table 9 positions this work relative to representative infrastructure-side datasets and frame-
works. Existing V2X and cooperative perception resources such as DAIR-V2X (?, ?), V2X-Seq
(Yu et al., 2023), TUMTraf-V2X (Zimmer et al., 2024), and UrbanIng-V2X (Sekaran et al., 2025)
provide large-scale multi-sensor data for cooperative perception, forecasting, and multi-site detec-
tion benchmarks. However, none of these resources incorporate structured human review, conflict
auditing, or defensible near-miss evidence production as primary objectives. There remains a
lack of an auditable pipeline that unifies roadside trajectory construction, structured human re-
view, and near-miss interpretation into a transparent and reviewable artifact. The present work is
distinguished by its emphasis on auditable trajectories, iterative human-in-the-loop QA, reviewed
conflict interpretation, and hotspot-oriented safety analysis at a single well-characterized intersec-
tion.
Table 9: Positioning of this framework relative to representative infrastructure-side datasets (Shang
& Li, 2026).

Resource Scale Sensing Annotation Primary
tasks

Audit/QA

DAIR-
V2X (?, ?)

Large real-
world V2X
benchmark

Vehicle +
infra multi-
view

3D object la-
bels

Cooperative
3D detection

No

V2X-
Seq (Yu et
al., 2023)

Sequential
V2X scenes

Vehicle +
infra se-
quential

Sequence
labels

Perception,
forecasting

No

TUMTraf-
V2X (Zimmer
et al., 2024)

Urban inter-
section scenes

Multi-sensor
V-I setup

Scene-level la-
bels

Cooperative
perception

No

UrbanIng-
V2X (Sekaran
et al., 2025)

Multi-
intersection
benchmark

Multi-site
V–I sensing

Benchmark la-
bels

Multi-
intersection
perception

No

This work Single-site pi-
lot deployment

Fixed road-
side LiDAR-
first

3D boxes, tra-
jectories, QA
artifacts

Detection,
tracking,
audited
near-miss
analysis

Yes

4.3 Dataset Development
Study Site
The main field site is the signalized intersection at Convent Ave & W 141st St near the City
College of New York, selected to support observation of diverse roadway users in a complex urban
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environment with street parking, transit stops, and frequent pedestrian-vehicle interactions. The
deployment uses a fixed roadside Ouster OS-1-128 LiDAR sensor (128 vertical beams) operating
at 10 Hz in a fixed elevated oblique-view configuration that covers the intersection center and all
four crosswalk approaches. A Pan-Tilt camera is co-deployed on the same sensor pole to provide
synchronized video for human-in-the-loop annotation validation and quality assurance. A GPU-
enabled edge computing unit, housed at the base of the sensor installation, handles on-site data
logging and pre-processing. All object positions, trajectories, and near-miss measurements are
reported in a common bird’s-eye-view (BEV) coordinate system aligned to this intersection and
held fixed throughout the study. Figure 10 shows the physical deployment. Prior to the main
deployment, a temporary on-campus synchronized LiDAR-camera setup produced approximately
45 minutes of data for system training and validation. Table 10 summarises the two collection
sites.

Table 10: Study site characteristics

Site Location Sensor(s) Collection pe-
riod

Notes

Temporary on-
campus setup

CCNY campus
area

LiDAR and camera Approximately
45 minutes

Used for system
training and vali-
dation

Main urban inter-
section site

Convent Ave &
W 141st St, near
CCNY

Ouster OS-1-128
LiDAR at 10 Hz
(primary); camera
(validation)

Field deploy-
ment period

Fixed elevated
oblique-view;
8,000 annotated
LiDAR frames

Figure 10: Roadside sensing deployment at Convent Ave and W 141st St, New York City. The
128-beam Ouster OS-1 LiDAR and Pan-Tilt camera for ground-truth validation are mounted on the
sensor pole; a GPU-enabled edge computing unit is installed at the base for on-site data logging
and pre-processing.
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Data Collection and Sensors
LiDAR point-cloud data served as the primary source for roadside perception and safety auditing.
Video was collected in synchronization with LiDAR and used for human-in-the-loop validation
and annotation—specifically, to check LiDAR detections, resolve ambiguous object classes, inter-
pret trajectories, and support quality assurance. The field dataset encompasses approximately 45
minutes of roadside LiDAR data from the main intersection site. Table 11 summarises all data
sources, collection periods, and key variables used across this study.

Table 11: Data sources and variables

Data source Unit of observa-
tion

Time span Key variables Processing status

Public benchmark
datasets (Section 3)

LiDAR
frames/sequences

Beam-count
and beam-loss
studies

3D point clouds, object
labels, beam-loss vari-
ants

Used for robust-
ness evaluation

Temporary on-
campus collection

LiDAR-camera
frames

Approximately
45 minutes

Point clouds and video Used for system
training and vali-
dation

CCNY urban inter-
section dataset

LiDAR frames Field deploy-
ment

Cars, trucks, bicycles,
pedestrians; trajecto-
ries; validation video

Approximately
8,000 frames
manually anno-
tated

Annotation Pipeline
The annotation workflow combines automated model assistance with structured human review.
Pre-trained detection and tracking models accelerated the ground-truthing process. Human annota-
tors then reviewed and corrected model outputs using synchronized video as a validation reference.
This human-in-the-loop pipeline supports class labeling, trajectory checking, and resolution of am-
biguous roadway users. Approximately 8,000 LiDAR frames were manually annotated across four
classes: cars, trucks, bicycles, and pedestrians (Shang & Li, 2026). Figure 11 shows a represen-
tative frame with human-labeled 3D cuboid annotations for a truck and bicycle in bird’s-eye view.
Qualitative detection results on the annotated dataset are shown later in Figure 13 in the Results
section. Quality control proceeds in two stages: (1) human-reviewed ground-truth frame-label re-
view used for detector training and held-out evaluation, and (2) trajectory-level re-review applied
specifically to audited interaction windows for near-miss validation. This two-stage approach dis-
tinguishes the dataset from benchmark-only infrastructure datasets by combining frame-level la-
bels with trajectory-QA artifacts and reviewed near-miss analysis.
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Figure 11: Roadside LiDAR point cloud in bird’s-eye view with human-labeled 3D cuboid anno-
tations for a truck (larger box, upper area) and a bicycle (smaller box, lower area). This frame is
representative of the annotation style used across all 8,000 labeled frames.

4.4 Methodology
Framework Architecture
Figure 12 summarizes the perception-to-audit workflow. Raw LiDAR point clouds enter a four-
stage pipeline. Stage 1 (Detection): each frame is processed by a CenterPoint 3D detector to
produce per-frame object detections with class labels, confidence scores, 3D bounding boxes, and
heading angles. Stage 2 (Tracking): detections are associated across frames using a SORT-style
Kalman filter tracker to produce identity-consistent tracklets. Stage 3 (Trajectory Refinement):
raw tracklets are stabilized using registration-guided refinement (B1) and dynamics-aware smooth-
ing to suppress orientation jitter and enforce physically plausible motion. Stage 4 (Safety Analyt-
ics): refined trajectories are mined for near-miss events using TTC and BEV separation thresholds,
and candidate events are interpreted using both direction-agnostic and longitudinal TTC. A cross-
cutting human-in-the-loop quality assurance layer acts as a supervisory validation layer throughout
all stages, ensuring that the final near-miss evidence records are traceable, inspectable, and defen-
sible.
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Figure 12: Conceptual overview of the roadside LiDAR safety-auditing pipeline. Raw point clouds
are converted into detections, trajectories, and stabilized motion estimates, then reviewed through
a human-in-the-loop QA layer and interpreted with surrogate-safety analytics to produce auditable
safety evidence.

3D Object Detection
Each LiDAR frame is processed by a fine-tuned CenterPoint detector trained on the 8,000-frame
annotated dataset. For each detected object the model outputs a class label c, confidence score
s, 3D bounding box center (x,y,z), box dimensions (dx,dy,dz), and heading angle ψ . Car and
truck detections are generally strong; pedestrian-scale and low-overlap cases remain more fragile,
consistent with the sparsity challenge characterized in Section 3.

Multi-Object Tracking
Detections are associated across frames using a SORT-style tracking framework with Kalman filter-
ing and bird’s-eye-view (BEV) gating. This step establishes temporally consistent track identities
as the basis for trajectory-level analysis. A predicted box is counted as a match when its BEV
center lies within 1.5 m of the corresponding ground-truth center.

Trajectory Refinement and Dynamics-Aware Stabilization
While multi-object tracking provides temporally consistent identities, raw trajectories exhibit frame-
level noise, orientation jitter, and occasional misalignment that can propagate into TTC estimates
and compromise interpretability. Two levels of refinement address this.

Three post-tracking refinement branches are maintained under identical upstream detections
and audited frame windows. B0 retains raw tracked trajectories as a baseline. B1 introduces se-
lective correction: suspicious tracklets are flagged based on yaw-step discontinuities, registration
disagreement (Kalman-predicted vs. observed state mismatch), and a composite thresholded suspi-
cion score; capped position and orientation corrections are applied only when registration quality is
sufficient, anchoring adjustments to reliable observations. B2 applies stronger frame-wise tempo-
ral smoothing enforcing higher consistency but potentially attenuating sharp valid motion changes.
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B1 is used as the practical default because it preserves pair-level comparisons while reducing ori-
entation noise.

A separate dynamics-aware stabilization module suppresses high-frequency noise while en-
forcing physically plausible motion. Position is stabilized using a centered moving-average fol-
lowed by a constant-velocity prior:

p̄t =
∑τ∈Wt wt,τ pτ

∑τ∈Wt wt,τ
, p̂t = p̃t−1 +vt−1∆t, p̃t = (1−α) p̄t +α p̂t , (3)

Here p̄t is the temporally smoothed position, p̂t is the constant-velocity prediction, and p̃t is the
final blended estimate. Wt is a centered temporal window of default width 9 frames; wt,τ are Gaus-
sian weights centered at t that down-weight distant frames; vt−1 is the finite-difference velocity
at the previous frame; ∆t = 0.1 s is the inter-frame interval at 10 Hz; and α ∈ [0,1] is a fixed
blend coefficient that trades off between the smoothed observation (low α , more responsive to
measurement) and the constant-velocity prediction (high α , more temporally stable). Heading ψt
is stabilized analogously using circular averaging to avoid angular wrap-around discontinuities,
with an adaptive blend coefficient βt ∈ [0,1] that increases as a function of estimated speed: at low
speed the heading prediction is unreliable, so βt is small and the raw measurement is trusted; at
higher speed the constant-velocity heading extrapolation is reliable, so βt approaches 1. Object
dimensions (dx,dy,dz) are stabilized component-wise via robust ℓ1 estimation across the track’s
temporal window, rejecting outlier box-size estimates caused by partial occlusion.

Safety Analytics: TTC Formulation
Candidate pairs are first screened by direction-agnostic TTC and minimum BEV separation to
identify events of interest, then interpreted with longitudinal TTC to distinguish braking-limited
risk from lateral-intrusion-dominated interactions. The two metrics answer complementary ques-
tions: direction-agnostic TTC asks “are these two objects closing on each other?”; longitudinal
TTC asks “is the lead vehicle being overtaken along its own heading direction?”

For a candidate pair indexed by i ∈ {1,2}, let pi and vi denote the BEV position and velocity
of object i; ∆p = p2 −p1 is the relative position vector and ∆v = v2 − v1 is the relative velocity.
The effective radius of each object is ri =

1
2

√
d2

x,i +d2
y,i +β , where dx,i and dy,i are the BEV box

dimensions and β = 0.3 m is a fixed buffer added to account for box-size uncertainty. The signed
size-adjusted separation between the two objects is:

st = ∥∆p(t)∥−
(
r1(t)+ r2(t)

)
, (4)

so that st < 0 indicates estimated overlap between the two bounding boxes. Direction-agnostic TTC
estimates the time until the objects’ separation reaches zero under constant-velocity assumptions:

TTC(t) =


−∆p(t) ·∆v(t)

∥∆v(t)∥2 , ∆p(t) ·∆v(t)< 0,

+∞, otherwise.
(5)

The condition ∆p(t) ·∆v(t)< 0 holds when the objects are moving toward each other (the relative
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velocity has a component pointing against the relative position vector); when they are diverging,
TTC is defined as +∞.

To distinguish conflict mechanisms, longitudinal TTC (TTC∥) is computed along the heading
direction of the heavy vehicle. Let ph and vh denote the position and velocity of the heavy vehicle,
and pb and vb the position and velocity of the bicycle. The unit heading vector is ê∥ = vh/∥vh∥.
The longitudinal separation and relative closing speed along this axis are:

d∥(t) =
(
pb(t)−ph(t)

)
· ê∥, v∥(t) =

(
vb(t)−vh(t)

)
· ê∥, (6)

TTC∥(t) =

d∥(t)/−v∥(t), v∥(t)< 0,

+∞, otherwise.
(7)

TTC∥ measures only the longitudinal closing component; a conflict where the bicycle crosses
laterally into the truck’s path will show a low direction-agnostic TTC but a large (or infinite)
TTC∥, directly exposing the lateral-intrusion mechanism.

Human-in-the-Loop Quality Assurance
Structured QA is a defining feature of the framework. Automated review queues export short
tracklet windows with aligned point-cloud context, box overlays, and candidate-event metadata, so
reviewers inspect the same evidence used by downstream mining. Each queued item is checked for
identity continuity, pose plausibility, split/merge failures, and whether the apparent event reflects a
true conflict, a TTC misuse case, or a geometry artifact. Reviewer outcomes are stored as structured
correction records—keep/reject decisions, dominant failure tags, and required track corrections—
rather than free-form notes, so they can be fed back into the pipeline systematically.

4.5 Experimental Setup
The CenterPoint detector was fine-tuned on the 8,000-frame annotated dataset, with a held-out
human-reviewed subset used for evaluation. Detection performance is reported as 3D Average
Precision at IoU threshold 0.70 (R40). Tracking performance is evaluated on continuous frame
windows against ground-truth trajectories stitched across consecutive frames, with a BEV center-
distance matching threshold of 1.5 m. Three trajectory refinement branches (B0, B1, B2) are
evaluated to characterize the trade-off between geometric stability and recall. Stabilization param-
eters include a temporal window of 9 frames and a constant-velocity blend coefficient α; near-miss
candidate pairs are gated by a TTC threshold of 2 s and a BEV separation of zero margin.

Three forms of evidence are reported: (1) detector performance against human-reviewed ground
truth; (2) branch-level tracking and refinement comparisons on audited and continuous frame win-
dows with stitched ground-truth trajectories; and (3) human cross-checks for reviewed near-miss
candidates. This deployment is intentionally single-site: by fixing the sensor, calibration frame,
and site geometry, the study establishes a controlled audit reference rather than a general-purpose
multi-site benchmark. The results should therefore be read as feasibility and auditability evidence
for a single-site pilot rather than a comprehensive cross-site generalization study.
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4.6 Results
Detection Performance
Table 13 summarizes quantitative results across pipeline components. Vehicle AP at IoU 0.70
reaches 76.38%. Class-specific native AP is 89.75% for car, 54.55% for truck, and 60.10% for
pedestrian, at a throughput of 38.31 fps.

Figure 13 shows qualitative detection examples: a high-overlap truck match, a high-overlap car
match, a car case with localization offset, and a single-pedestrian case with moderate localization
offset. This illustrates both the deployment-specific strengths and the residual fragility of small-
object detection in infrastructure-side geometry.

Figure 13: CenterPoint detection examples from the 8,000-frame model: (a) high-overlap truck
match, (b) high-overlap car match, (c) car case with localization offset, (d) single-pedestrian case
with moderate localization offset.

Tracking Performance
Table 12 reports tracking performance on continuous frame windows. Performance is highest on
the shorter first-2,000-frame slice and declines on longer windows, primarily through accumulated
false positives and long-tail missed detections rather than catastrophic geometric instability. These
results underscore the importance of the trajectory refinement and QA stages for producing reliable
safety evidence.

Trajectory Refinement and Stabilization
As reported in Table 13, B1 preserves the audited F1 of B0 (0.9825) while modestly reducing yaw
jitter from 15.19◦ to 14.04◦; B2 achieves stronger smoothing (3.92◦ yawp95) at a small cost in F1
(0.9780).
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Table 12: Tracking evaluation on continuous frame windows with stitched ground-truth trajecto-
ries (Shang & Li, 2026).

Window Precision Recall F1 Yaw p95

First 2,000 frames 0.6947 0.9858 0.8150 3.88◦

First 4,000 frames 0.5734 0.8677 0.6905 6.50◦

Sequential validation slice 0.6036 0.6726 0.6362 3.47◦

Figure 14 shows the dynamics-aware stabilization effect on a representative car track: raw
tracked geometry (left) exhibits visible jitter in box orientation, whereas the stabilized output
(right) enforces consistent heading and dimension estimates. Heading-motion error decreases from
10.45◦ to 2.36◦ and the heading-step measure drops from 0.0251 to 0.0040 rad.

(a) Raw tracked
trajectory

(b) Dynamics-aware
stabilized trajectory

Figure 14: Effect of dynamics-aware stabilization on a representative car track. The stabilized
output (b) suppresses orientation jitter and enforces consistent box geometry relative to the raw
tracking output (a).

Table 13: Compact quantitative summary of pipeline and audit-layer components (Shang & Li,
2026).

Component Result

Detector (human-reviewed GT
holdout)

Vehicle AP@0.70 (R40): 76.38%; Car: 89.75%, Truck: 54.55%,
Pedestrian: 60.10%; 38.31 fps

B0 baseline refinement F1: 0.9825; yawp95: 15.19◦

B1 registration-guided refine-
ment

F1: 0.9825; yawp95: 14.04◦

B2 temporal smoothing F1: 0.9780; yawp95: 3.92◦

Dynamics-aware stabilization Heading-motion error: 10.45◦ → 2.36◦; heading-step: 0.0251 →
0.0040 rad
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Quality Assurance Outcomes
Table 14 summarizes the four iterative QA rounds. Failure modes evolved from initial track frag-
mentation (Round 000), to TTC misuse from near-static or yielding cases (Round 001), to clear-
ance ambiguity and anti-repeat sampling (Round 002), to box geometry instability and cross-lane
false conflicts (Round 003). This progression reflects the pipeline becoming more refined at each
stage: early rounds eliminate gross failures, while later rounds expose subtle issues in geometry
and conflict classification.

Table 14: Iterative trajectory-QA validation rounds (Shang & Li, 2026).

Round Cases Issue Main change or finding

000 10 Tracking breaks No true near-miss; track fragmentation filtered before met-
ric tuning

001 10 TTC misuse / weak
distance

Motion filtering and TTC gating reduced over-triggering in
near-static or yielding cases

002 3 TTC / clearance am-
biguity

Anti-repeat sampling removed replay pairs; one near-miss
remained but clearance was unreliable

003 3 Box geometry / lane
conflict

Stationary-aware TTC and BEV clearance reduced false
positives; geometry still unstable

Table 15 reports the overall human cross-check outcomes. Across 26 completed dashboard
review decisions spanning rounds 000–003, the process confirmed one true near-miss case, one
provisional/borderline positive, and one case deferred pending better geometry resolution. The
anchor truck–bicycle interaction was confirmed by both model-based and human-reviewed assess-
ment.

Table 15: Human cross-check summary for near-miss validation (Shang & Li, 2026).

Cross-check item Result Evidence

Completed dashboard review decisions 26 Rounds 000–003
Confirmed true near-miss decisions 1 Round 002
Provisional / borderline positives 1 Round 001
Deferred decisions (geometry unreliable) 1 Round 002
Anchor-case class-pair agreement Yes Truck–bicycle

Near-Miss Analytics
Figure 15 shows the three surrogate-safety curves for the anchor truck–bicycle interaction. Direction-
agnostic TTC (middle panel) decreases sharply from above 2 s to a minimum near 0.62 s, confirm-
ing a genuine near-miss event. Longitudinal TTC (bottom panel) shows only a shallow minimum
around 3.1 s—well above conservative braking thresholds—indicating that the heavy vehicle was
not closing longitudinally at a rate requiring emergency braking. This divergence between the two
TTC formulations reveals a lateral-intrusion-dominated conflict mechanism: the bicycle’s trajec-
tory crossed into the truck’s path from the side, compressing the safety margin despite sufficient
longitudinal stopping capacity.
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Figure 15: Anchor heavy vehicle–bicycle interaction. Top: heavy-vehicle speed. Middle:
direction-agnostic TTC drops sharply below 1 s. Bottom: longitudinal TTC remains above braking
thresholds, revealing a lateral-intrusion-dominated conflict mechanism.

Table 16 compares the model-recovered interaction metrics against the human-reviewed refer-
ence for the same anchor case. The model recovers the critical timing within two frames (0.2 s) of
the human reference, confirming that the pipeline can reproduce human-reviewed conflict timing
with high fidelity. The model estimates a tighter minimum gap (∆ = −0.61 m) than the human
reference, reflecting residual box-geometry uncertainty in the model’s size estimates.

Table 16: Anchor truck–bicycle near-miss: model vs. human comparison (Shang & Li, 2026).
Negative ∆ indicates the model predicts a tighter interaction than the human reference.

Metric Human Model ∆

Min TTC (s) 0.62 0.55 −0.07
Min separation (m) 0.81 0.20 −0.61
Min center distance (m) 6.47 5.61 −0.86
Min TTC timing Reference +2 frames +0.2 s
Min sep. timing Reference +2 frames +0.2 s

Table 17 shows that the audited analysis extends beyond the anchor case to multiple interac-
tion types within the same deployment run. The truck–truck case (Case 02) exhibits very short
minimum TTC (0.131 s) with negative separation (−4.017 m), suggesting extreme proximity that
warrants further geometric review. The car–bicycle case (Case 03) shows a low TTC (0.455 s) but a
large clearance (5.870 m), indicating that the TTC trigger may reflect converging trajectories rather
than a true near-miss. These examples demonstrate that the audit pipeline is being exercised across
multiple class-pair interaction types, and that the human QA layer is essential for distinguishing
genuine conflicts from geometric or TTC-misuse artifacts.
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Table 17: Multi-case audited near-miss summary from the same deployment run (Shang & Li,
2026). Negative minimum separation indicates estimated overlap under the BEV box proxy.

Case Interaction pair Min TTC (s) Min sep. (m)

01 Truck–bicycle 0.552 0.201
02 Truck–truck 0.131 −4.017
03 Car–bicycle 0.455 5.870
04 Car–car 2.563 12.563
05 Truck–car 1.249 5.009

4.7 Discussion
Figure 16 shows the near-miss spatial overlay from post-8,000-frame data at the same intersection.
Although the later events are not individually human-validated, the hotspot concentration persists
in the same central conflict zone near the crosswalk and downstream of the stop bar, rather than
dispersing uniformly across the scene. This spatial recurrence supports the broader claim that
roadside sensing can expose site-specific conflict structure over time.

Figure 16: Vehicle–VRU near-miss spatial
overlay (n = 180 zero-margin cases) from ex-
tended roadside LiDAR data.

Figure 17: Post-8,000-frame vehicle–VRU
near-miss overlay. Automatically detected
events remain concentrated in the same central
intersection conflict zone.

At larger scale, automatically mined movement summaries over the first 16,000 predicted
frames yielded 336 movement-valid tracks, 6,046 quality-filtered candidate pairs, and 604 near-
miss events. These aggregate statistics serve as recurrence indicators rather than a human-validated
benchmark, confirming that the anchor interaction is not an isolated artifact of one short window
but is part of a broader pattern of vehicle–VRU conflict at this intersection.

The iterative QA process reveals an important lesson: the difficulty of safety auditing shifts
as the pipeline matures. Early rounds expose fundamental tracking and detection failures; later
rounds expose subtle issues in geometry estimation, TTC metric selection, and conflict classifica-
tion at the boundary of what counts as a genuine event. This progression—from gross failures to
nuanced interpretation challenges—is characteristic of auditable safety analysis and motivates the
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structured, multi-round review approach adopted here.
The primary contribution of this framework lies in its auditable infrastructure-side workflow,

which improves the reviewability and interpretability of roadside trajectories through conservative
trajectory refinement, iterative quality assurance, and mechanism-aware near-miss analysis. Di-
rect comparison with recent cooperative perception and sensor-fusion frameworks is challenging
because those studies often rely on different sensing configurations, synchronization assumptions,
communication protocols, and application objectives. Accordingly, the present evaluation focuses
on aspects that can be rigorously validated within the current roadside safety-audit setting, in-
cluding detector performance against human-reviewed ground truth, branch-level trajectory refine-
ment trade-offs, continuous-window tracking behavior, and reviewed agreement between model-
estimated and human-interpreted near-miss timing.

Key limitations include data coverage at a single site, dependence on sensor placement and
field of view, annotation effort that limits dataset scale, and residual box-geometry uncertainty that
affects separation estimates for small objects such as bicycles. Future work should expand the
pipeline to larger multi-intersection studies with more extensive model-versus-human near-miss
validation, stronger identity-consistent tracking metrics across longer sessions, and explicit treat-
ment of synchronization, communication, and calibration constraints required for scalable V2X
deployment. LiDAR-camera fusion for precise object sizing remains an important complementary
direction.

Table 18 summarizes the project milestones and outputs, tracing the progression from survey
and benchmark studies through field deployment and safety auditing.
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Table 18: Project milestones, datasets, and research outputs

Year Milestone Key Outputs and Contributions

2025 Literature survey and tech-
nology assessment

Comprehensive review of AI-enhanced sensing technologies for VRU
safety at signalized intersections, covering LiDAR, cameras, radar, ther-
mal sensing, sensor fusion, trajectory analysis, crossing-intention pre-
diction, and AI-driven safety systems. Published in Procedia Computer
Science (Shang, Li, Amin, et al., 2025).

2025 Initial LiDAR robustness
evaluation

Conducted an initial investigation of LiDAR robustness for VRU de-
tection under reduced beam-density conditions using the KITTI dataset
and PointPillars architecture. Results showed that VRU detection per-
formance degrades substantially faster than vehicle detection under sen-
sor degradation conditions (Shang, Li, Wei, & Kamga, 2025).

2025 Infrastructure deployment
and field data collection

Established a roadside LiDAR-camera sensing platform at a signalized
intersection in New York City, including GPU-enabled edge computing
infrastructure and synchronized multimodal data collection. Approxi-
mately 45 minutes of roadside LiDAR-camera data were collected to
support trajectory analysis and annotation development.

2025 Annotation and trajectory
analysis pipeline develop-
ment

Developed a semi-assisted annotation workflow integrating pre-trained
detection models with structured human review to support VRU trajec-
tory validation and safety-event auditing.

2025 LiDAR vehicle classifica-
tion under limited data

Developed LiDAR-based vehicle classification methods under limited-
data conditions, with related findings accepted for presentation at the
TRB Annual Meeting.

2026 Comprehensive LiDAR
beam-loss robustness
evaluation

Expanded the LiDAR degradation analysis to six state-of-the-art 3D
detection architectures across KITTI and nuScenes datasets with up
to 100 randomized beam-removal trials per condition. Identified ap-
proximately 20% beam-loss stability thresholds and demonstrated the
stronger impact of contiguous beam degradation on VRU detection per-
formance. Published in Pattern Recognition Letters (Feng et al., 2026).

2026 CCNY urban intersection
LiDAR dataset

Developed an approximately 8,000-frame manually annotated roadside
LiDAR dataset containing cars, trucks, bicycles, and pedestrians col-
lected at a signalized urban intersection in New York City.

2026 Auditable roadside safety-
analysis framework

Developed an end-to-end roadside LiDAR safety-auditing framework
integrating 3D detection, multi-object tracking, trajectory refinement,
dynamics-aware stabilization, and structured human-in-the-loop quality
assurance for near-miss analysis at signalized intersections. Results pre-
sented at the CVPR DriveX Workshop (Shang & Li, 2026).
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5 CONCLUSIONS AND POLICY IMPLICATIONS
5.1 Conclusions
This project examined whether roadside LiDAR, combined with modern AI/ML methods, can
provide the continuous, interpretable, and defensible safety evidence needed to better protect vul-
nerable roadway users (VRUs) at signalized intersections. Through three interconnected research
thrusts, the findings demonstrate that roadside LiDAR represents a promising and practical foun-
dation for infrastructure-based VRU safety monitoring, while also highlighting important consid-
erations related to sensing robustness, deployment conditions, and analysis workflow design.

The literature review showed that no single sensing modality can fully satisfy all operational
requirements for VRU safety analysis. Cameras provide rich semantic information but remain sen-
sitive to lighting and weather conditions. Radar offers strong environmental robustness but limited
spatial resolution for detailed VRU characterization. Thermal sensing improves nighttime visibility
but lacks precise trajectory reconstruction capability. Among the reviewed technologies, LiDAR
emerged as a particularly strong candidate for infrastructure-side trajectory analysis because of
its precise 3D geometric perception, lighting independence, and growing deployment feasibility.
At the same time, the survey emphasized that future systems will likely benefit from multi-modal
sensing and AI-driven fusion frameworks that combine the complementary strengths of different
sensing technologies.

The LiDAR robustness analysis further demonstrated that VRU detection performance is sub-
stantially more sensitive to sensor degradation than vehicle detection performance. Across mul-
tiple detection architectures and benchmark datasets, pedestrian and cyclist detection remained
relatively stable under moderate degradation conditions but deteriorated rapidly once beam loss
exceeded approximately 20%. The results also showed that degradation patterns are important:
contiguous beam loss caused by lens occlusion or contamination produced substantially greater
performance degradation than dispersed beam loss of equivalent magnitude. In addition, beams
located in the mid-to-high elevation region were found to be particularly important for preserving
pedestrian and cyclist geometry. These findings provide practical guidance for sensor maintenance,
deployment planning, and operational risk assessment for roadside LiDAR systems.

Building upon these findings, the project developed and demonstrated an auditable roadside
safety-analysis framework using a real-world roadside LiDAR deployment at a signalized inter-
section in New York City. The framework integrated 3D object detection, multi-object tracking,
trajectory refinement, dynamics-aware stabilization, and structured human-in-the-loop quality as-
surance to generate reviewable and defensible trajectory-level safety evidence. Rather than treating
AI outputs as unquestionable ground truth, the framework emphasized iterative human review as a
central component of the safety-analysis process. The near-miss case study involving a heavy ve-
hicle and bicycle further demonstrated the importance of mechanism-aware interpretation: while
direction-agnostic time-to-collision identified the interaction as a critical near-miss event, longi-
tudinal time-to-collision analysis revealed the conflict to be dominated by lateral intrusion rather
than direct longitudinal closing behavior. This distinction provides more interpretable insight into
conflict mechanisms and can better support countermeasure selection and communication with
transportation practitioners.
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Taken together, the project establishes a coherent pathway from roadside sensing to inter-
pretable safety intelligence for VRU monitoring at signalized intersections. The contributions
include a comprehensive assessment of AI-enhanced sensing technologies, a systematic evalu-
ation of LiDAR robustness under degradation conditions, and the development of an auditable
infrastructure-based safety-analysis framework grounded in structured human review. While addi-
tional work is needed to improve scalability, multi-modal integration, and long-term deployment
robustness, the results demonstrate the potential of roadside LiDAR and AI-driven analytics to
support more proactive, data-driven, and interpretable approaches to transportation safety manage-
ment.

5.2 Policy and Practice Implications
The findings from this project carry concrete implications for transportation agencies at multiple
stages of the safety monitoring lifecycle.

Sensor procurement and specification. Agencies may benefit from looking beyond raw
beam count when evaluating LiDAR sensors for VRU monitoring. The beam-loss study found
that higher-resolution sensors showed no systematic robustness advantage in relative terms; the
vertical distribution of beam coverage in the elevation range corresponding to human-scale geom-
etry appears more relevant. When specifying LiDAR sensors, agencies could consider requesting
documentation of beam distribution in the 15–45° elevation range above the horizontal and could
include VRU-class detection performance—not only vehicle performance—in acceptance testing
criteria.

Maintenance thresholds and inspection protocols. The study results suggest that approx-
imately 20% beam loss may serve as a useful maintenance trigger for roadside LiDAR systems
monitoring pedestrians and cyclists. Maintenance inspection could prioritize the mid-to-high ele-
vation region of the sensor aperture, where beam loss appears to have the greatest impact on VRU
detection. Sensors in occlusion-prone environments—intersections exposed to truck splash, winter
road salt, or seasonal bird activity—may benefit from more frequent inspection intervals and from
evaluation under contiguous-loss risk scenarios, not only average degradation assumptions.

Safety auditing and near-miss evidence production. The auditable pipeline developed in this
project offers a replicable template for intersection-level safety analysis. The human-in-the-loop
QA process, structured as iterative review rounds with explicit outcome classification, played an
important role in producing evidence that was both technically defensible and interpretable to non-
specialist reviewers. Agencies considering LiDAR-based safety audit programs may find it useful
to plan for reviewer time as a substantive component of program budgets, rather than treating it as
optional. Video co-deployment for annotation validation can improve dataset trustworthiness and
conflict verification without requiring a fully automated video analytics deployment—a potentially
useful consideration where camera coverage, privacy regulation, or infrastructure constraints limit
video’s role as a primary sensing stream.

Conflict diagnostics and countermeasure design. The dual TTC approach—contrasting
direction-agnostic TTC with longitudinal TTC—offers agencies a way to distinguish lateral-intrusion
conflicts from braking-limited ones. This distinction may have implications for countermeasure se-
lection: lateral-intrusion conflicts may point toward geometric interventions such as protected bike
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lanes, leading pedestrian intervals, and improved sight-line management, while braking-limited
conflicts may call for speed management and approach-zone warning systems. Relying on only a
single TTC metric risks collapsing this distinction, potentially making it harder to match counter-
measure type to conflict mechanism.

5.3 Limitations and Future Work
Several limitations should be acknowledged when interpreting the current findings. First, data
collection was conducted at a single signalized intersection, which limits the generalizability of
the results across different roadway geometries, traffic compositions, environmental conditions,
and regional climates. Second, although the approximately 8,000-frame annotation dataset repre-
sents a substantial effort, the labeling and review process was performed by a relatively small team
under controlled quality-assurance conditions. Scaling the framework to larger multi-intersection
deployments will require more efficient annotation tools, reviewer training protocols, and scalable
quality-control workflows. Third, detection performance for smaller VRU classes—particularly
bicycles under challenging viewing geometries and sparse point-cloud conditions—remains less
reliable than vehicle detection, highlighting an important challenge for safety-critical infrastruc-
ture deployment. In addition, while cameras were co-deployed with LiDAR during data collection,
direct LiDAR-camera fusion was not implemented in the current framework because the camera
viewpoints were not geometrically aligned with the LiDAR coordinate system to support accurate
feature-level or point-level fusion. Consequently, the camera system primarily served as a refer-
ence source for human verification and annotation rather than as an integrated perception modality.
Finally, the safety-analysis framework was demonstrated using a limited number of reviewed near-
miss events, including one detailed heavy vehicle-bicycle interaction case study, which establishes
proof of concept but does not yet constitute a large-scale statistical validation.

Several future research directions emerge from this work. Expanding the framework to multi-
intersection deployments is an immediate priority to evaluate cross-site generalizability, compare
conflict patterns under diverse roadway conditions, and accumulate a larger reviewed near-miss
dataset for broader safety analysis. Future deployments will also explore more tightly synchro-
nized and geometrically aligned LiDAR-camera configurations to enable robust multi-modal fu-
sion for improved VRU detection accuracy, object geometry estimation, and trajectory consistency,
particularly for smaller VRU classes such as bicycles and pedestrians. Beyond traditional sensor
fusion, dual LiDAR-derived representations—combining 3D point clouds with 2D range-image
processing pipelines—may provide an alternative pathway for improving robustness when full
multi-modal fusion is impractical. On the analytical side, extending the time-to-collision frame-
work to more diverse pedestrian-vehicle and multi-party interactions, together with developing
semi-automated conflict classification approaches that reduce reviewer burden while preserving
interpretability, will be important for scaling infrastructure-based safety auditing. Longer term,
integration with V2X communication systems and connected-vehicle infrastructure could enable
real-time sharing of roadside safety observations with approaching vehicles, transforming the cur-
rent auditing-oriented framework into a proactive and adaptive intersection safety intervention sys-
tem.
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