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Abstract

Recent cooperative perception datasets have played a crucial role in advancing
smart mobility applications by enabling information exchange between intelli-
gent agents, helping to overcome challenges such as occlusions and improving
overall scene understanding. While some existing real-world datasets incorpo-
rate both vehicle-to-vehicle and vehicle-to-infrastructure interactions, they are
typically limited to a single intersection or a single vehicle. A comprehensive
perception dataset featuring multiple connected vehicles and infrastructure sensors
across several intersections remains unavailable, limiting the benchmarking of
algorithms in diverse traffic environments. Consequently, overfitting can occur,
and models may demonstrate misleadingly high performance due to similar inter-
section layouts and traffic participant behavior. To address this gap, we introduce
Urbanlng-V2X, the first large-scale, multi-modal dataset supporting cooperative
perception involving vehicles and infrastructure sensors deployed across three
urban intersections in Ingolstadt, Germany. Urbanlng-V2X consists of 34 tempo-
rally aligned and spatially calibrated sensor sequences, each lasting 20 seconds.
All sequences contain recordings from one of three intersections, involving two
vehicles and up to three infrastructure-mounted sensor poles operating in coordi-
nated scenarios. In total, Urbanlng-V2X provides data from 12 vehicle-mounted
RGB cameras, 2 vehicle LiDARSs, 17 infrastructure thermal cameras, and 12 infras-
tructure LiDARs. All sequences are annotated at a frequency of 10 Hz with 3D
bounding boxes spanning 13 object classes, resulting in approximately 712k anno-
tated instances across the dataset. We provide comprehensive evaluations using
state-of-the-art cooperative perception methods and publicly release the codebase,
dataset, HD map, and a digital twin of the complete data collection environment
viahttps://github.com/thi-ad/UrbanIng-V2X.

1 Introduction

Reliable perception is fundamental to autonomous driving, particularly in complex urban intersections
where a comprehensive understanding of the scene is essential for safe decision-making [[1, 134} 2]]. In
such environments, single-agent systems are inherently constrained by their [Field-of-View (FOV)
and often fail to detect critical objects that are occluded by other vehicles and infrastructure [[11]. To

*Equal contribution. Authors listed in alphabetical order.

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Track on Datasets and Benchmarks.


https://github.com/thi-ad/UrbanIng-V2X

I Vehicle 1

Il Vehicle 2

I Infrastructure

) Il Object Annotations

2 Vehicles

RGB Camera
LiDAR Sensor
‘ GPS/IMU Sensor

Figure 1: This illustration provides a comprehensive overview of the UrbanIng-V2X cooperative
perception dataset environment. For each intersection, a globally fused point cloud of a representative
scenario is visualized. Point clouds from individual agents are color-coded, highlighting two vehicles
and sensor poles at three intersections as cooperation partners. Further, the complete sensor setup,
along with a bird’s-eye view of both the HD map and a high-fidelity CARLA map, is shown.

address these limitations, recent research has increasingly focused on cooperative perception [31],
leveraging information sharing among multiple agents. To advance this paradigm, substantial effort
has been invested in the development of real-world|Vehicle-to-Everything (V2X)|datasets [36],
despite significant challenges such as precise temporal and spatial synchronization, high financial
and logistical costs, and the complexity of multi-agent hardware setups .

However, none of the existing [V2X]datasets capture urban scenarios involving multi-vehicle, multi-
infrastructure setups across multiple intersections. This combination is crucial to assess the scalability
and real-world applicability of cooperative perception systems, especially in urban environments
where heterogeneous sensor views and varying infrastructure layouts demand robust generalization
and reliable performance. To address this gap, we introduce the UrbanIng-V2X dataset—a large-
scale cooperative perception dataset collected at three distinct urban intersections within the High-
Definition Testfield [3]]. In this environment, we recorded 34 sequences, each lasting 20 seconds,
involving two vehicles and up to three infrastructure-mounted sensor poles cooperating in coordinated
scenarios.

The main contributions of UrbanIng-V2X are as follows:

» Urbanlng-V2X is the first real-world cooperative perception dataset featuring multiple vehi-
cles and extensive infrastructure sensing at three distinct urban intersections, see Figure [T}

» UrbanIng-V2X introduces the largest number of cooperating sensors in real-world datasets
to date and improves multi-modality by including thermal cameras. Each scenario involves
2 connected vehicles, each with 6 RGB cameras and a rooftop LiDAR, cooperating with
up to 6 thermal cameras and 4 LiDARs mounted on 3 infrastructure poles per intersection.
All sensors are spatially and temporally aligned, with additional sweep data provided for
intermediate frames.

 The dataset supports a broad range of cooperative perception benchmark tasks, including
3D object detection, tracking, trajectory prediction, and localization. All sequences are
annotated at 10 Hz with 3D bounding boxes for 13 object classes, totaling approximately
712k annotated instances.

* A comprehensive benchmark evaluation is conducted using state-of-the-art (SOTA) algo-
rithms for cooperative perception. The results highlight key challenges and opportunities
across diverse sensor setups and intersection configurations.



* A developer toolkit is provided, including format converters for OpenCOOD [29] and
nuScenes [5], for enabling integration with single- and multi-modal perception pipelines.

* The codebase and dataset, including [High-Definition maps (HD maps)| in Lanelet2 for-
mat [20] and a geo-referenced CARLA [7] digital twin to support situation interpretation,
synthetic data generation, and domain adaptation research, are publicly available.

2 Related Work

Single Agent Perception Datasets: Large-scale single-vehicle datasets such as KITTI [10],
nuScenes [3]], and the Waymo Open Dataset [23] have been fundamental in advancing percep-
tion tasks. They provide multi-modal sensor data captured from individual vehicles in diverse urban
and suburban settings. In contrast, datasets such as LUMPI [4] and the TUMTraf Intersection
Dataset [35]] offer multi-modal sensor data, collected from infrastructure-mounted sensors. While all
these datasets support tasks such as 3D object detection and tracking, they inherently lack multi-agent
interactions, limiting their utility in cooperative perception environments.

Cooperative Perception Datasets: Several synthetic datasets such as OPV2V [29], V2XSet [28]],
and V2X-Sim [17]] have been developed in the past to explore cooperative perception with simulated
multi-vehicle and infrastructure scenarios. Although these datasets offer flexible and scalable en-
vironments, they fail to capture the full complexity and noise characteristics of real-world settings.
Consequently, several real-world datasets have emerged to support cooperative perception research.
V2V4Real [30] enables [Vehicle-to-Vehicle (V2V)| cooperative perception across diverse driving
scenes with rich annotations such as track IDs, but lacks infrastructure sensor data, limiting it to
non scenarios. DAIR-V2X-C [32] includes both [Vehicle-to-Infrastructure (V2I)| data in 28
intersections—the most among existing datasets—but involves only one vehicle and lacks track IDs,
HD maps, diverse sensors, and dense urban scenes. While its extension V2X-Seq [33]] adds track IDs
and [HD maps]| for some sequences, the regional availability restrictions of DAIR-V2X-C [32] and
V2X-Seq [133] limit international usability. TUMTraf-V2X [36]] offers labeled single vehicle and
infrastructure data at a single intersection with HD maps and day/night coverage. However, its small
scale and limited geographic diversity restrict its applicability. V2X-Real [26] combines data from
two vehicles and infrastructure, but lacks coverage of multiple intersections and HD maps.

We introduce Urbanlng-V2X to fill the gap of missing real-world datasets that cover a combination of
multi-agent coordination, multi-modal sensing (including thermal cameras), and multiple intersection
layouts. A detailed comparison to the existing datasets is shown in Table [T}

3 Dataset

Two connected vehicles and three smart infrastructures are used for data collection. Each intersection
has 2 to 3 sensor poles. Each of these two vehicles is equipped with a high-precision [nertial
[Measurement Unit (IMU)], a 128-ray high-end LiDAR sensor, and six [Full High Definition (FHD)|
RGB cameras oriented in six directions, providing a full 360° [FOV| The vehicles also receive
[Real Time Kinematic (RTK)|correction data, achieving localization accuracy up to 1 cm. At each
intersection, 2 to 3 poles are installed, each equipped with 1 to 3 VGA thermal cameras. Additionally,
six of the seven poles are equipped with a LiDAR setup, comprising a 64-ray midrange LiDAR
and a 32-ray short-range blind-spot LiDAR. Detailed sensor descriptions and [FOV] coverage for
infrastructure sensors are provided in the supplementary material.

3.1 Sensor Synchronization

The UTC clock is employed as a unified time reference to synchronize both vehicle- and infrastructure-
mounted sensors. The [[MU]synchronizes to UTC via GPS signals and acts as the
[14] master within the vehicle. The camera capture card operates as a slave,
inheriting the UTC reference from the while the LiDAR system obtains UTC timestamps
independently through a dedicated GPS mouse. Beyond time synchronization, sensor data acquisition
is precisely coordinated. The LiDAR is phase-locked so that its zero-degree orientation consistently
aligns with integer multiples of its rotation cycle, establishing a deterministic angular reference.
Camera triggering is hardware-based and event-driven: instead of simultaneous image capture, each



Table 1: Comparison of real-world cooperative datasets with the proposed Urbanlng-V2X
dataset (I=Infrastructure, V=Vehicle). fImages are not published yet.

Property V2V4Real DAIR- V2X- TUMTraf- | V2XReal || Urbanlng-
[30] V2X-C[32] | Seq[33] | V2X [36] [26] V2X (ours)
Year 2022 2022 2023 2024 2024 2025
V2X V2v V2I V2I V21 V2V&l V2V&l
Intersections 0 28 28 1 1 3
Vehicles 2 1 1 1 2 2
RGB Images 40kt 39k 15k Sk 171k 81.6k
IR Images 0 0 0 0 0 38.8k
LiDAR frames 20k 39k 15k 2k 33k 27.2k
3D Boxes 240k 464k 10.45k 29k 1.2M 712k
Classes 5 10 9 8 10 13
Digital Twin No No No No No Yes
Av. worldwide Yes No No Yes Yes Yes
HD Maps Yes No Yes Yes No Yes
Attributes No No No Yes No Yes
Track IDs Yes No Yes Yes Yes Yes
Traffic light No No No No No Yes
Sensors (I1V) 018 213 213 514 8112 10116
City Ohio Beijing Beijing Munich N.A. Ingolstadt
Country USA China China Germany N.A. Germany

camera is triggered exactly when the LiDAR beam passes through its This setup minimizes
intermodal latency and ensures high-precision spatio-temporal alignment between LiDAR and camera
data.

Each intersection is equipped with UTC-synchronized [PTP|and [Network Time Protocol (NTP)|time
servers. Thermal cameras are synchronized via the service, while all LiIDAR units receive
UTC timestamps through dedicated GPS mouses. Similar to the vehicles, infrastructure LIDARs are
phase-locked to ensure that their rotational cycles start and end simultaneously across devices. Unlike
vehicle-mounted cameras, the infrastructure thermal cameras operate asynchronously in free-run
mode and are not externally triggered. Due to the heterogeneous placement and [FOV]of these sensors,
synchronized hardware triggering would not yield optimal alignment across all LIDAR-camera pairs.
Instead, during post-processing, the thermal image closest in time to each annotated LiDAR scan is
selected. With thermal cameras operating at 30 [Frames Per Second (FPS)|and LiDARs at 20
every second LiDAR frame aligns with every third thermal camera frame with a maximum possible
temporal misalignment of 16.6 ms, which corresponds to half the cycle time of the thermal cameras.

3.2 Calibration

Intrinsic calibration: All thermal and RGB cameras are calibrated using a checkerboard pattern.
Side-mounted vehicle cameras use a fisheye projection model due to their wide [FOV] while all other
cameras use a standard pinhole model.

Extrinsic calibration: Each sensor on the infrastructure (thermal camera, LiDAR) and vehicle
(camera, LiDAR, has a local coordinate frame. The vehicle coordinate frame is defined at
the geometric center of the car. Each intersection uses a fixed GPS location as its local origin, with
the coordinate frame aligned to the East-North-Up (ENU) convention. All coordinate systems use a
right-handed convention. Figure [2| shows the coordinate systems for the vehicles and intersections.

The extrinsic transformation between the and the vehicle coordinate frame (T'inu— vehicle) 1S
precomputed using a total station. The reports its pose in global coordinates via latitude,
longitude, altitude, roll, pitch, and yaw, allowing precise computation of the vehicle’s global pose. To
estimate extrinsic transformation matrices between sensor pairs, we use a cone-shaped calibration
target with a highly reflective marker in the center. The cone is placed in multiple positions within the
sensors’ Its global position is measured with a 2 cm precise RTK|GPS device (Trimble SP80).
The reflective marker is manually annotated in both LiDAR point clouds and in camera images.
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Figure 2: Sensor setup and coordinate frame. The left figure shows details of one vehicle, and the
right figure shows details of one pole of a crossing. GC describes the geometric center.
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Figure 3: Result of the spatially calibrated and temporally aligned multi-modal sensor sources.
The point cloud image highlights the time deviation in a globally fused cooperative LiDAR frame,
particularly critical when LiDARs of multiple agents are capturing the same object. The top row
shows the overlaid projections of the point cloud into three exemplary sensor perspectives.

Using these annotations, we numerically optimize for transformation matrices by minimizing the
reprojection error [[19]. This process yields the following extrinsic transformations:

* Tcam—Global and TLipaAR—Global fOr infrastructure cameras and LiDARs respectively

* T cam— Vehicle a0d T ipAR—venicle fOr vehicle-mounted cameras and LiDARSs respectively.

3.3 LiDAR Motion Compensation and Data Fusion

Due to the rotational nature of the LiDAR sensor, each point within the point cloud is captured
at a slightly different timestamp and vehicle pose. To accurately fuse point clouds from multiple
sources, it is necessary to apply transformations on a per-point basis. Each point, captured at time
t with LiDAR pose Py, is transformed into the reference frame Py at scan start time ¢ = 0 using
the relative vehicle motion. Such intra-scan motion compensation is crucial for achieving accurate
fusion, especially in dynamic scenes where overlapping observations are acquired by multiple sensors
undergoing relative motion.

Using the estimated intrinsic and extrinsic parameters, all vehicle and infrastructure LiDAR point
clouds are transformed into a shared global coordinate frame. This unified representation enables
the projection of any LiDAR point into any camera image. Figure [3|presents a fused multi-modal
visualization of sensor data of a specific frame. The bottom image displays the aggregated point cloud
data from all vehicle-mounted and infrastructure-based LiDAR sensors. Each point is color-coded
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Figure 4: Projection of 3D annotations at one timestamp into three exemplary views: front left camera
(left), bird’s-eye view fused point cloud (center), and two infrastructure cameras (right) are shown.

based on its temporal offset from the start of the frame, highlighting that objects are observed by
different LIDARs at varying timestamps. Assuming a maximum object speed of 50 kmh~! and
accounting for the worst-case sensor misalignment, the maximum spatial error within a frame is
estimated to be 0.7 m. This error is unavoidable, as any object within the scene may move in arbitrary
directions. Additionally, Figure[3]shows images from infrastructure and vehicle cameras with overlaid
projections of the point cloud.

3.4 Scenario Selection and Annotation

The UrbanIng-V2X dataset is carefully curated from approximately eight hours of recorded data
collected across three intersections. Based on the raw recordings, we selected a set of 34 representative
20-second scenarios that capture diverse traffic situations and flow patterns, with a focus on varied
vehicle behaviors and object categories. The dataset comprises a wide range of illumination conditions,
including 10 daytime, 5 cloudy, 6 moderate-light, 5 late-evening, and 8 nighttime scenarios. All
faces and license plates are anonymized using a Gaussian blur to comply with data protection
regulations [9]. Annotations are applied to the fused point cloud data from all infrastructure sensors
and vehicles, ensuring both spatial and temporal consistency across all modalities. Data quality was
rigorously validated through multiple rounds of quality control. Each object is annotated with detailed
3D bounding boxes at a frequency of 10 Hz, specifying their spatial position (2, y, z) and orientation.
Additionally, each object is assigned a unique tracking ID per sequence and categorized into one of
13 object classes. These annotations are further enriched with six attribute types, described in the
supplementary materials. Figure []illustrates one scenario sample from different sensor perspectives.
Annotation characteristics are analyzed in detail across trajectory, frame, and object levels. This
includes visualizations such as trajectory overlays on HD maps, polar density maps, object category
distributions, and statistics on object and track counts (see Figures 5] [6} [7] and[8).
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Figure 5: Trajectories projected onto the HD map of each intersection, color-coded by object category,
illustrating the quality, density, and variation across the intersection layouts. In total, 2156 trajectories
of Intersection 1, 1895 trajectories of Intersection 2, and 835 tracks of Intersection 3 are shown.



Intersection 1 Intersection 2 Intersection 3
90° 90° 90°

270° 270° 270°

Figure 6: Polar density map showing object distributions by range and angle relative to vehicle agents,
separated by intersection. Bin shading indicates object density, with 0° aligned to the vehicle’s
forward direction. Objects are densely distributed up to 150 meters. While high density along the
vehicle axis is expected, the maps also reveal increased angular spread influenced by intersection
layouts, which supports benchmark evaluations on generalization.

£ 10313
< g [ Intersection 1 [ Intersection 2 [ Intersection 3
= ooe | DRE o
L0555 g z 22e E
o =2 — o =l
o} = S8 SO 12 SR OO <+
< 3 <) RPN DD, 5% e NN — )

A 104 oS XD B BN R332 X X — e

10*4 10 5 + S A= = 5 S 4 Jo s
™ — a — 5o = 2 0 f~ ™ —
o =) - 3 =2~ =S g I~
© - [ Tach )
g 10% <
2
g
=
Z 10° T T T T T T T T T T v N v

& > ® N 5 @ ) & 5 > D 5
S N & & & © & S &S
) > S < o) © x> N N S
< o Q A o3 O x> > )
& ) Y & 9 & S
& & @59 Q,@t\ & ¥
S &
& A QS
0%9

Figure 7: The number of annotated 3D bounding boxes for all 13 object classes, grouped by
intersection. While cars constitute the highest amount of 3D annotations, also other categories
such as pedestrians, and cyclists are well represented. The distribution is relatively evenly across
the intersections. The only exception is OtherVehicle, which is predominantly represented by an
excavator located exclusively in Intersection 2 and does not appear in other intersections.
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Figure 8: Intersection 1, 2, and 3 are abbreviated as Z;, Z», Z3, respectively. (a) Frames contain an
average of 103.9 objects in Z;, 128.6 in Z, and 78.2 in Z3. (b) 3D box labels contain an average
of 543.3 points in Z;, 357.7 in Z,, and 384.6 in Z3, based on the fused point cloud. (c) Sequences
contain a median of 126 tracks in Z;, 168 in Z,, and 107 in Z35. Scene complexity, object density,
and observation quality differ significantly across intersection types: Z; yields the highest point-
level visibility per object, Z, features the most dynamic and densely populated scenarios, and Z3
corresponds to sparser environments with reduced perceptual coverage.



4 Tasks

UrbanIng-V2X provides comprehensive 3D annotations supporting multiple tasks, including object
detection—the primary focus of this work—as well as object tracking, trajectory prediction, and
localization. The dataset further enables the evaluation of vehicle and infrastructure agents operat-
ing in various cooperative modes, allowing for evaluations of the performance of [V2V] and
[[nfrastructure-to-Infrastructure (I2I)| (at a sensor pole level) at all three intersections.

3D Object Detection. For a structured analysis, we group the 13 annotated object categories into
four superclasses: Vehicle (Car, Van), Two-Wheelers (Cyclist, Motorcycle, E-Scooter), Heavy Vehicle
(Truck, Bus, Trailer, Other Vehicle), and Pedestrian (Pedestrian, OtherPedestrian). The classes Animal
and Other are excluded due to their low sample counts and high intra-class variability. Bounding
boxes beyond +100 meters in the x-direction and £40 meters in the y-direction are excluded [26]].
Furthermore, only objects with at least five LIDAR points in the fused point cloud of the selected
agents are considered during both training and evaluation. During training, ego agents are selected
randomly to enable viewpoint diversity and improved model generalization. For evaluation, we select
one ego agent as an autonomous vehicle and the rest as collaborators, similar to V2X-Real [26]. We
report detection performance using the jmean Average Precision (mAP) metric, evaluated at low loU
thresholds of 0.3 and 0.5 similar to V2XReal [26] and KITTI-360 [[18]].

S Experiments

We present 3D object detection LIDAR-only benchmark results in four strategies: no fusion, early
fusion, late fusion, and intermediate fusion. We use F-Cooper [6]], AttFuse [29], V2X-ViT [28]],
Where2Comm [13]], and CoBEVT [27] for intermediate fusion. All models are implemented using
the PointPillars backbone [[15].

5.1 Dataset splits

To reliably assess the generalization capabilities of benchmark algorithms, it is crucial to employ
dataset splitting strategies that prevent data leakage and enable fair evaluation. Common approaches
include frame-wise [36| 126, 8] and sequence-wise splits [S]. Frame-wise splitting distributes
individual frames across the training, validation, and test sets by optimizing for equal characteristics
of the data across the subsets. However, this approach is prone to data leakage due to strong temporal
correlation among frames and could lead to undetected overfitting and misleadingly high performance
scores. Sequence-wise splitting groups temporally consecutive frames (i. e., driving sequences) into
the same set, potentially avoiding data leakage. This method ensures a more realistic evaluation of
generalization but may result in less balanced distributions of data characteristics across the splits.

To account for limitations on existing split strategies, we propose two approaches, namely
Intersection Split (EIS)| and Separate Intersection Split (SIS)] [EIS]utilizes a sequence-dependent
approach to fairly assess performance within known intersections. To account for the possibility
of sequence selection bias while maintaining representativeness, we define three randomized splits
with non-overlapping validation and test sets across the splits. Each split consists of 21 training,
6 validation, and 7 test sequences, proportionally distributed across all three intersections. [SIS]|
leverages the presence of three distinct intersections in Urbanlng-V2X to enable intersection-wise
splitting. This approach strengthens independence by ensuring that all data from a given intersection
appears exclusively in either the training, validation, or test split, thereby promoting generalization to
entirely unseen locations. follows a leave-one-out scheme across the three intersections, with
four configurations: [SISh /oy 3,SISh /3vs.1, and [SISh /3y 2, where indices denote the intersections used
for training and validation versus testing. 4 sequences of intersection 1, 3 of intersection 2, and 3 of
intersection 3 are consistently sampled for the validation split, if the intersection is part of the training
split.

5.2 Benchmark results

We use the [STS), /2vs.3 SPlit to benchmark on all above-mentioned SOTA algorithms to evaluate their
performance on an unseen intersection. The results are presented in Table 2] Intermediate fusion
methods generally outperform no fusion, late fusion, and early fusion, although the latter yields



Table 2: Evaluation of SOTA algorithms using AP metrics on the [SIS} /2vs.3 SPIt.

Method APy, APnven APpyy APrwieer
IoU | 0.3 0.5 0.3 05 |03 05| 03 0.5 0. 0.5
No Fusion 491 409 | 192 176 |20 0.7 | 180 13.8 || 22.1 183
Early Fusion 46.1 41.1 | 26.8 248 | 6.0 35| 241 216 | 258 228
Late Fusion 287 246 | 9.8 69 [ 19 08 ] 16.7 12.1 143 11.1
F-Cooper [6] 526 467 | 33.1 240 | 4.6 3.1 | 251 232 | 289 242
AttFuse [29]] 527 476 | 341 278 | 7.1 46 | 23.7 221 | 294 255
V2X-ViT [28] 520 462 | 325 222 |58 351197 18.0 | 275 225
Where2Comm [13] | 50.4 458 | 284 253 | 5.1 3.1 | 232 209 || 26.7 23.8
CoBEVT [27] 532 460 | 33.8 29.6 | 5.7 331|225 205 | 288 249

Table 3: Evaluation of all combinations of and splits based on CoBEVT [27]]. [EISy,
represents the averaged score across the three different |EIS| splits.

Data split APy APpven APpeq APTWheel
IOU‘ 03 05 ‘ 03 05 ‘ 03 05 ‘ 03 05 H 0. 0.5
[EIShy, 74.6 68.7 | 447 373 | 21.8 13.1 | 387 33.0 || 450 382
[SISh /ovs 3 532 46.0 | 338 29.6 | 57 33 | 226 205 | 288 246
[SISh /3vs.2 45.1 402 | 149 113|102 6.0 | 220 187 | 23.0 19.1
[SISh/3vs.1 648 59.1 | 41.5 31.1 | 10.8 7.4 | 226 182 || 349 289

competitive performance. Late fusion exhibits the weakest cooperative performance, indicating
significant challenges in the association of agent-specific object lists. In contrast, AttFuse [29]
achieves the best overall performance, surpassing other methods by at least 0.6 mAP[@0.5. A
category-wise comparison reveals that Vehicles is the best-performing class. In contrast, Heavy
Vehicles, Pedestrians, and Two-Wheelers present greater challenges. We attribute this to the fact that
Pedestrians are the smallest objects, while the Two-Wheelers and Heavy Vehicle superclasses exhibit
the highest intra-class dimension variance, with a minimum of three original annotation categories.

Further, detailed evaluation on the remaining and splits for the most recently published
method CoBEVT [27] are shown in Table[3] The performance on Vg is 38.2 @0.5 , while the
average [SIS| performance drops to 24.2[mAP|@0.5. This indicates generalization Issues that need to
be solved for future cooperative perception applications, an open challenge that UrbanIng-V2X aims
to address.

6 Conclusion

We present UrbanIng-V2X, the first large-scale cooperative perception dataset that integrates multi-
vehicle, multi-infrastructure, and multi-sensor modalities across multiple urban intersections. By
expanding the diversity of sensor types—including up to 12 RGB cameras, 6 thermal cameras, and
6 LiDAR sensors per scene—Urbanlng-V2X enables research into robust multi-modal, multi-view
fusion. The dataset is uniquely designed to evaluate generalization by including both familiar and
previously unseen intersection layouts, addressing a critical limitation in existing benchmarks. Our
initial baseline experiments with SOTA LiDAR-only cooperative detection models reveal a clear
gap in generalization performance: while better results are achieved on known intersections, there
is a significant drop of 14.0[mAP|@0.5 when models are applied to unseen environments. These
results highlight the pressing need for research into models that generalize reliably across varied
urban scenes.

To support the community, we release the complete dataset alongside a development kit, and
a geo-referenced digital twin in CARLA to facilitate research in perception, tracking, prediction, and
simulation. Despite its contributions, UrbanIng-V2X has certain limitations. The dataset is restricted
to three intersections within Ingolstadt, Germany, and broader generalization will require extending
the benchmark to more diverse urban settings and adverse weather conditions. We invite the research



community to use Urbanlng-V2X as a robust foundation for advancing cooperative perception and
want to encourage research into generalization, data-efficient learning, and synthetic-to-real transfer
techniques.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We discuss the contributions and novelty of the paper throughout the whole
paper. A first overview is provided in Section |1} put into the context of related work in
Section 2] analyzed in Section [3] and empirically evaluated in Section 5}

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Limitation to the existing work is reported in the conclusion and elaborated in
the supplementary material.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]

Justification: The paper itself is not proposing a novel theory and does not require a
theoretical proof.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: All the necessary code and data are provided and will be made publicly
available after acceptance. Further, the paper lists the data split details in Section5|and all
hyperparameters in the supplementary material. The necessary code to generate the exact
splits used is provided in the submitted GitHub link.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We share our data on dataverse and we will make it publicly available. In
addition, a GitHub link to the development kit is shared for the review process and provides
sufficient instructions to reproduce the main experimental results.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The main experiments (Section 5] are build on the public framework Open-
COOD and utilize their standardized training procedures. A detailed description of hyperpa-
rameters is additionally provided in the supplementary material.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Test and validation splits were implemented according to Machine Learning
standards and are shown in section 5] The randomized selection of test sequences is
performed three times to provide statistical significance. All results are published.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The utilized computing resources is attached in the supplementary materials.
The paper does not introduce a new algorithm, but instead refers to state-of-the-art models
with known computing requirements.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Faces and license plates of all RGB images were blurred to protect the privacy
of people captured during the dataset recordings[3.4] A license file defines the usability of
code and dataset.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justification: The main paper is currently focusing on the positive aspects of cooperative
perception [I] and its safety chances. Supplementary materials describe a more in-depth
discussion.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: Data is anonymized to prevent the misuse of personal data (Section|3.4). We
utilize the Dataverse platform with user questions and license files that limit the permitted
usage of the dataset and code.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All utilized code frameworks were referenced according to citation standards.
More specifically, the code base is built upon OpenCOOQOD and the original creators are
referenced. (see section [3)).
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13.

14.

15.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Our publication has two main assets: a dataset and the code. The dataset
is described in detail in the paper in section [3]and in the supplemental materials, and its
usability is guaranteed through a development kit. The shared GitHub code provides an
environment setup and a Readme to support a good user experience.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No crowdsourcing has been performed.
Guidelines:
» The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: No study participants were involved in the generation of this paper.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: LLMs do not impact any part of the methodology, scientific rigorousness, or
originality of the research.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Sensor setup

The UrbanIng-V2X dataset was collected using two vehicles and seven infrastructure-mounted sensor
poles. The setup spans three intersections: Intersection 1 is equipped with three sensor poles, while
intersections 2 and 3 each have two sensor poles. Intersection 1 includes 6 thermal cameras and 4
LiDAR sensors, Intersection 2 includes 5 thermal cameras and 4 LiDAR sensors, and Intersection
3 includes 6 thermal cameras and 4 LiDAR sensors. Table ] and [ provide an overview of the
infrastructure and vehicle sensor specifications. Figure [9]illustrates the [FOV]coverage of the thermal
cameras and LiDAR sensors installed at each intersection. Additionally, the coverage of our
vehicles for the RGB cameras and the LiDAR sensor is depicted in Figure

Table 4: Vehicle sensor specifications (per vehicle)

Sensor | Details

RGB  Cameras | Sensing GSML2 SG2-AR0233C-5200-G2A, 20[FPS| 1920 x 1080 resolu-
(6%) tion, 60° horizontal (4x); 100° horizontal (2x)

LiDAR (1x) Robosense Ruby Plus, 20 128 rays, 360 degree orizontal —25°

to 15° vertical [FOV} < 240 m range at > 10 % reflectivity
GPS/IMU (1x) Genesys ADMA Pro+, 100 FPSI, RTK correction, 1 cm precise position data

Table 5: Infrastructure sensor specifications (per intersection)

Sensor | Details

Thermal Cameras | Axis Q1942-E, 30 640 x 480 resolution, 63° horizontal
(5-6x)

LiDARs (2x) Ouster OS1-64 (Below Horizon) Rev 06, 20 [FPS| 64 rays, < 45 m range at
> 10 % reflectivity, 360 degree horizontal [FOV| —22.5° to 0° vertical [FOV]
LiDARs (2x) Robosense Bpearl, 20 [FPS] 32 rays, < 30m range at > 10 % reflectivity

blind spot sensor, 360 degree horizontal [FOV] —90° to 0° vertical

B Data annotation

B.1 Annotation process

The annotations underwent a multi-stage quality assurance process. After the initial annotation phase,
in total, three review cycles with a manual refinement of bounding boxes by a professional annotation
company were performed. At each stage, independent reviewers reported errors to enhance the
precision of bounding boxes, object trajectories, and orientation estimates across the dataset.

B.2 Object classes and object attributes

In addition to class labels, we assigned semantic attributes to all annotated objects to capture more
detailed characteristics and behavioral states. For the purpose of benchmark evaluation, we grouped
specific and closely related object classes into superclasses to perform a more structured detection
task. Figure [T]illustrates the structure of these superclasses, their associated object types, and the
attribute types applicable to each object type. The object types Animal and Other are not included in
the figure, as they were underrepresented in the dataset and thus not grouped into any superclasses.
However, both object types are also annotated with the occlusion attribute. Figure [I2] provides an
overview of all attribute types and their respective subcategories, along with the frequency of their
occurrences in the dataset.

B.3 Data anonymization

To ensure privacy compliance, we anonymized the RGB camera data of our dataset. The dataset
comprises a total of 163.200 full HD RGB images, recorded at 20 [FPS| across all sequences. All
visible faces and license plates were annotated with 2D bounding boxes and anonymized using a
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Figure 9: Sensor coverage for each intersection, with legend entries corresponding to folder names in
the dataset.

vehicle{1,2} back left_camera
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vehicle{1,2}_front_left_camera
vehicle{1,2} front_right_camera
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Figure 10: Sensor coverage for each vehicle, with legend entries corresponding to folder names in
the dataset.
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Vehicle Heavy Vehicle Two-Wheelers Pedestrian
Car Van Truck Bus Trailer Otl}er Motorcycle| Cyclist E-Scooter Pedestrian Ot%‘e?
Vehicle Pedestrian
vehicle type vehicle type - - person type person type
i i - - el i pedestrian
occlusion chassis type cyclist state state
trailer type - occlusion occlusion

occlusion

Figure 11: The first row displays the superclasses used for training the multi-object detectors. The
second row shows the individual object classes grouped under their respective superclasses. The third
row illustrates the attributes associated with each object class, represented by different color codes.
The object classes Animal and Other are excluded from this overview, as they are not assigned to any
superclass and are only annotated with the occlusion attribute.

Gaussian blur with a 75x75 kernel. The annotations are publicly available in our Git repository to
support advanced techniques such as inpainting or synthetic replacement.

B.4 Extended annotation statistics

To provide further insights into the dataset, we present additional statistics for all annotated object
classes. Figure shows the distributions of the object dimensions for all provided classes of
our dataset. These distributions also reveal intra-superclass variations, for instance, highlighting
the significant variance observed among classes within the Heavy Vehicle category. Figure
presents the average number of LiDAR points captured per 3D bounding box across varying distances.
Each subplot represents a specific object class and compares the point density of vehicle-mounted
and infrastructure-mounted LiDAR sensors per agent. While the superclasses Vehicle and Heavy
Vehicle have densities up to 100 points per object at the benchmark range of 100 m, the superclasses
Pedestrian and Two-Wheelers show significant drops at ranges of approximately 70 m.

C Experiments

C.1 Computer resources

The experiments and computations described in this work were performed on a workstation equipped
with an NVIDIA RTX A6000 GPU and an AMD Ryzen Threadripper PRO 5955WX processor with
16 cores, running Ubuntu 22.04.5 LTS.

C.2 Implementation details

Multi-class detection. Our dataset includes 13 distinct object classes: Car, Van, Bus, Truck, Trailer,
Vehicle, Cyclist, Motorcycle, E-Scooter, Pedestrian, OtherPedestrians, Animal, Other. These classes
were selected to reflect the diversity of road users in urban environments and to enable comprehensive
multi-class detection. We follow the standardized training procedure of the OpenCOOD [29]] frame-
work and follow the approach of V2XReal [26], leveraging the OpenPCDet framework [24]] to enable
multi-class evaluation. All models are trained for 60 epochs with a batch size of 4. We use the Adam
optimizer with a learning rate of 1 x 102 and a weight decay of 0 = 10~%. A cosine annealing
learning rate schedule is applied, starting with a warm-up phase over the first 10 epochs. During
this phase, the learning rate increases from 2 x 10~ to its peak and gradually decays to 2 x 107>
by the final epoch. Model configurations, hyperparameters, and training setups for all approaches
are provided. For evaluation, we selected the model checkpoint corresponding to the best validation
performance, evaluated every 10 epochs.
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Figure 12: Visualization of all attributes and the frequency of their subcategories. We abbreviate
Intersection 1, Intersection 2, and Intersection 3 as Z;, Z,, and Z3, respectively. The attributes
pedestrian_state, cyclist_state, and occlusion are frame-based. All other attribute types are track-
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Figure 13: Distribution of object dimensions (length, width, height) for each dataset class. Each
box plot summarizes the statistical spread of object dimensions per class, highlighting inter-class
variation.
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Figure 14: Comparison of the number of LiDAR points per 3D annotation across various distances.
The infrastructure data is based on the fused point cloud in the local intersection origins. The vehicle
values represent the average across both vehicle agents with respect to their vehicle coordinate frames.
Specifically for the infrastructure plots, some classes exhibit irregular point density trends. The
reasons are the static nature of the sensors and the sparse distribution of annotated instances across
certain distance intervals.
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C.3 Further benchmark results

We further present the results of multiple benchmark methods for a single [EIS|split. All intermediate
fusion models perform better within known intersections than on the [SISh /2vs.3 split (Table E[)
While AttFuse [29]] is the best-performing method when generalizing to an unknown intersection,
V2X-ViT [28] attains the highest performance for the [EIS]split evaluation in Table[6]

Table 6: Evaluation of SOTA algorithms using AP metrics on a single random split.

Method APy, APpyen APpyy APrwhee
IoU | 03 0.5 0.3 0.5 03 05| 03 0.5 0. 0.5
F-Cooper [6]] 704 625 | 426 322 | 11.5 5.1 | 23.1 20.1 | 369 300
AttFuse [29]] 658 569 | 48.0 36.8 | 11.1 59| 19.1 15.7 36.0 28.8
V2X-ViT [28] 732 650 | 48.7 386 | 172 87 | 284 230 || 419 33.8
Where2Comm [[13] | 679 595 | 40.0 314 | 123 63 | 17.8 14.8 345 28.0
CoBEVT [27]] 71.8 634 | 466 356 | 185 94 | 295 225 || 41.7 332

D Limitations

The presented dataset comprises three intersections in Ingolstadt, Germany, offering a more di-
verse setting than existing real-world cooperative perception benchmarks with multiple vehicles
and multiple infrastructure poles. Ingolstadt is one of the few cities in Germany with a permanent,
multi-intersection V2X infrastructure deployment at this scale, making it uniquely suited for col-
lecting a dataset of this complexity. The selected locations were deliberately chosen along major
arterial roads that reflect common traffic dynamics, infrastructure layouts, and occlusion patterns
typically observed in many European metropolitan areas. While this contributes a step forward in
promoting generalization challenges in SOTA cooperative perception algorithms, further extensions
to intersections across a wider range of cities and urban topologies could support broader applicability
and robustness. Future research could also focus on capturing data under adverse weather conditions
such as rain, fog, or snow to improve environmental diversity. With a total sequence length of
approximately 11 minutes for each agent, Urbanlng-V2X achieves a per-agent duration comparable to
other V2X datasets listed in Table[T] though it remains smaller than SOTA single-agent autonomous
driving datasets. Even though the data collection process and objectives of cooperative perception
datasets differ fundamentally from single-agent recordings, a long-term goal for the field is to scale
their raw recording durations toward the levels of SOTA single-agent autonomous driving datasets.
Annotations were performed using LiDAR data to ensure high-precision depth estimation. Objects
visible exclusively in camera sensors, for example, at great distances without corresponding LiDAR
points, may not be annotated. Despite extensive quality assurance, including rounds of manual
annotation review, the procedure itself inherently carries a risk of human error.

E Societal impact

Cooperative perception offers significant potential to improve situational awareness and safety in
autonomous systems, particularly within complex urban environments. By enabling vehicles to share
sensor data and jointly interpret surroundings, it addresses key limitations of isolated single-agent
autonomy. However, this shift toward multi-agent cooperation introduces new challenges, including
the need for a reliable and secure communication infrastructure [22]. Beyond technical concerns,
these systems may pose broader risks to personal privacy and the autonomy of individual drivers,
as increased connectivity could enable persistent monitoring, centralized control, or unintended
surveillance. Moreover, while cooperative perception could yield substantial benefits in transportation
safety, efficiency, and comfort, its societal value depends on the equitable deployment of autonomous
technologies. Without deliberate policy and investment, these technologies risk deepening existing
disparities by primarily benefiting higher-income populations [[16]. As autonomous vehicles are
projected to account for up to 30 percent of urban traffic by 2030, technology [25]], with connectivity
identified as a key enabler, it is critical that their development is guided by supportive regulatory
frameworks that safeguard the broader public interest.
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are visualized in Section[F1} [F2} [F3] In addition, for each intersection we show one representative

This section provides a detailed overview of our dataset. The trajectories of all intersection sequences
frame from all sensor perspectives in Section [F.4] [F3] and [F.6]

F.1 Intersection 1 trajectory visualization

F Dataset visualization
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Figure 16: Visualization of trajectories at Intersection 1 across sequences 8-17. Each subplot shows

the trajectories of all annotated object classes for a sequence. The sequence names correspond to the

original filenames in the dataset.
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F.2 Intersection 2 trajectory visualization
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Figure 17: Visualization of trajectories at Intersection 2 across all sequences. Each subplot shows the
trajectories of all annotated object classes for a sequence. The sequence names correspond to the
original filenames in the dataset.
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F.3 Intersection 3 trajectory visualization
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Figure 18: Visualization of trajectories at Intersection 3 across all sequences. Each subplot shows the
trajectories of all annotated object classes for a sequence. The sequence names correspond to the

original filenames in the dataset.
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F.4 Intersection 1 multi-modal data visualization
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Figure 19: Multi-modal visualizations of Intersection 1 at a single timestamp, showing data from
infrastructure thermal cameras (top), vehicle 1 RGB cameras (middle), and vehicle 2 RGB cameras
(bottom).
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Figure 20: Visualization of the cooperative fused point cloud from all agents in Intersection 1, along
with annotations.
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F.5 Intersection 2 multi-modal data visualization
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Figure 21: Multi-modal visualizations of Intersection 2 at a single timestamp, showing data from
infrastructure thermal cameras (top), vehicle 1 RGB cameras (middle), and vehicle 2 RGB cameras
(bottom).
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Figure 22: Visualization of the cooperative fused point cloud from all agents in Intersection 2, along
with annotations.
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F.6 Intersection 3 multi-modal data visualization
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Figure 23: Multi-modal visualizations of Intersection 3 at a single timestamp, showing data from
infrastructure thermal cameras (top), vehicle 1 RGB cameras (middle), and vehicle 2 RGB cameras
(bottom).
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Figure 24: Visualization of the cooperative fused point cloud from all agents in Intersection 3, along
with annotations.
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