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ABSTRACT Collaborative perception (CP), using vehicle-to-everything (V2X) communication to share
sensor data between connected vehicles and between the latter and the network infrastructure, has emerged
as a prominent solution to extend the view of single autonomous vehicles. The effectiveness of this
paradigm, however, may be hindered by the presence of adverse weather conditions and changes in lighting,
often affecting real-world scenarios. Thus, assessing the robustness of CP to environmental contingencies
is still an open issue. Importantly, although some large-scale datasets for CP, comprising realistic and
simulated data, are now publicly available, most of them lack diversity in terms of environmental
conditions in the autonomous driving scenarios they collect, making it difficult for researchers to assess
how such conditions may affect perception performance. We thus introduce Context-Aware Collaborative
Perception in Autonomous Driving Dataset (ConVeX), an extensive multi-agent synthetic dataset for CP
that reproduces different realistic driving scenarios (urban, rural, and highway), road layouts, and weather
and lighting conditions. Remarkably, ConVex includes multi-modal data [i.e., images from red—green—blue
(RGB) cameras, light detection and ranging (LiDAR) points, and global navigation satellite system (GNSS)
coordinates] collected by different vehicles, and ground-truth annotations for object detection.
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BACKGROUND

Autonomous driving has garnered significant interest from
academia and industry due to its potential to deliver safer and
more efficient driving experiences. However, most current
autonomous driving systems focus on individual vehicles,
which limits their environmental perception because of re-
stricted fields of view, thereby continuing to pose safety
risks. Collaborative perception (CP)—where autonomous

vehicles (AVs) and road infrastructure devices cooperate
through vehicle-to-everything (V2X) communication—has
recently emerged as a promising approach to overcom-
ing these limitations. Nevertheless, various factors such as
adverse weather conditions and insufficient lighting may
still lead to low perception accuracy, exacerbating safety
concerns [1], [2]. Weather conditions such as rain, snow,
and fog often degrade the color and texture quality of images
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while introducing noise that distorts the distribution of light
detection and ranging (LiDAR) points. Similarly, low-light
environments may cause the loss of details and contrast in
images. At the same time, intense direct light from either
the sun or artificial light sources may result in overexposed
images and induce noise in LiDAR-collected data [3]. These
data inaccuracies in environment perception can cause errors
or malfunctions in the vehicle’s perception system, limiting
the applicability of autonomous driving to only specific,
highly favorable conditions [4].

Developing solutions to mitigate these issues requires ac-
cess to comprehensive datasets that encompass a wide range
of weather conditions and lighting variations. However, most
datasets commonly used to train perception algorithms for
autonomous driving lack diversity in these aspects, as they
are typically biased toward daytime and clear-weather condi-
tions [3], [5]. As a consequence, recent years have witnessed
the emergence of an increasing number of datasets designed
to represent a wide range of weather and lighting conditions
[51, [6], [7], [8], [9]. However, due to inherent biases and the
difficulty of capturing a broad and diverse range of weather
and lighting scenarios in real-world settings, these datasets
are often synthesized using autonomous driving simulators
such as CARLA [10]. Still, these datasets typically collect
data from a single sensing agent per frame, making them
unsuitable for supporting research on CP. A notable excep-
tion is Adver-City [11], a multi-agent, multi-modal synthetic
dataset for CP specifically designed to capture a variety of
adverse environmental conditions. Furthermore, most studies
fail to treat weather conditions and time of day as distinct
sources of noise in the perceived data. For instance, varia-
tions in lighting are often categorized as separate instances
of weather conditions, disregarding the challenges that arise
when both factors occur simultaneously—such as a rainy and
snowy road at night. Additionally, existing adverse-condition
datasets, including synthetic ones, are not free from biases,
as specific operating scenarios often occur only in a subset
of the overall scenes and, in general, adverse conditions
are not systematically varied across the different scenes.
Most of these datasets are designed to maximize diversity
by augmenting different scenes with adverse weather and
lighting conditions. This makes it difficult to assess the
extent to which adverse conditions impact the performance
of perception algorithms in relation to the scene. In contrast,
we focus on a dataset that enables a rigorous assessment
of the robustness of CP algorithms under adverse operating
scenarios by collecting data from the same scenes across
varying conditions. Table I summarizes these observations,
highlighting the characteristics of existing datasets for CP
and adverse conditions.

To fill the above gaps and overcome the limitations of
existing datasets, in this work, we propose Context-Aware
Collaborative Perception in Autonomous Driving Dataset
(ConVeX), a large-scale, multi-agent, synthetic dataset
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designed to support V2X CP research with a focus on
adverse operating conditions. In contrast to similar works
like [11], ConVeX is designed to evaluate collaborative V2X
perception robustness under systematically varied adverse
weather and lighting, enabling precise ablation studies across
a variety of urban, rural, and highway scenarios. Further, we
leverage the advanced capabilities of SCANeR™ Studio [12],
a state-of-the-art industrial autonomous driving simulation
platform, to collect images and LiDAR points from multiple
vehicular and roadside agents in a variety of virtual scenes,
encompassing urban, rural, and highway scenarios.

Unlike existing synthetic datasets, which are typically
generated using open-source simulators such as CARLA, our
dataset is created using a proprietary, industrial-grade driving
simulator widely employed by car manufacturers. Running
simulations with this tool requires specialized expertise, sig-
nificant time, and considerable computing resources. Thus,
making this dataset publicly available will greatly benefit
the autonomous driving research community. For each scene,
we collect data under a wide range of operating conditions
by running multiple simulations with various combinations
of weather and time of day settings. To the best of our
knowledge, ConVeX is the first synthetic, multi-agent dataset
for CP specifically designed to address the robustness of CP
under adverse operating conditions.

Furthermore, to support downstream perception tasks,
such as detection and tracking, we annotate each data sample
with 3-D bounding boxes, in addition to labeling each data
sample with contextual information such as time of day
and weather conditions. Importantly, we also make the raw
simulation data publicly available to allow other researchers
to extend the dataset with additional annotations.

In summary, ConVeX offers the following key features.

1) It provides multi-agent sensory streams that represent
each scene as perceived by various vehicles and in-
frastructure devices.

2) It does so in diverse driving scenarios, road layouts,
and operating conditions determined jointly by weather
and lighting variations, providing data under differ-
ent sets of conditions for each scene to minimize
biases.

3) It provides per-vehicle multi-modal data, integrating
red—green—blue (RGB) images with LiDAR points and
global navigation satellite system (GNSS) coordinates.

4) It includes ground-truth annotations for the widely
popular task of object detection and can be easily
extended to support other tasks as well.

5) It provides data obtained via accurate and extensive
simulations that would not be otherwise available due
to the proprietary nature of the simulator.

6) It makes data easily accessible, eliminating the need
for expertise in designing relevant scenarios or using
the simulator, as well as the expense of substantial
computational resources.
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TABLE I. Comparison of CP Datasets for Autonomous Driving

Goal Sensors Scale

Dataset Source Comm. Scenario  Adverse Robustness | Cam LiDAR Depth GNSS IMU | Scenarios Scenes Frames Agents
V2V-Sim [13] Sim [14] V2v v >1 5.5K 51K 1-63
V2X-Sim [15] Sim [10], [16] V2X v v v v v 3 100 10K 2-5
OPV2V [17] Sim [10], [16], [18] v2v v v v v 8+1 73 11K 2-7
DAIR-V2X-C [19] Real V2I v v v v 1 100 39K 2
V2XSet [20] Sim [10], [18] v2X v v 5 55 11K 2-5
DOLPHINS [21] Sim [10] V2X v v 3 6 42K 3
DAIR-V2X-Seq [22]  Real V21 v v v 1 95 20K 2
V2V4Real [23] Real v2v v v 1 67 15K 2
RACECAR [24] Real none v v v v 2 11 50-130K 1-6
WHALES [25] Sim [10] V2xX v v >5 n.a. 70K 8
TUMTraf-V2X [26] Real V2I v v v v 1 8 5K 2
RCooper [27] Real 121 v v 2 410 50K 2-4
V2X-Real [28] Real V2X v v v v 2 68 171K 4
ACDC [5] Real none v v >3 n.a. 4K 1
GTA [7] Sim [29] none v v n.a n.a 300K 1
Adver-City [11] Sim [10] V2X v v v v v 5 110 24K 5
ConVex (ours) Sim [12] V2X v v v v v 12 156 26K 8-9

Note: Column “Comm. scenario” indicates the target communication paradigm, while “Adverse” and “Robustness” indicate, respectively, whether a
dataset is targeted at adverse environmental conditions and whether it is designed to assess collaborative perception robustness to adverse conditions.

COLLECTION METHODS AND DESIGN

Collecting autonomous driving data in real-world environ-
ments is both time-consuming and resource-intensive. Ad-
ditionally, field tests are notoriously difficult to control and
replicate, often raising safety concerns for operators, espe-
cially under adverse conditions. AV simulators provide an
appealing alternative for data collection, allowing researchers
to create specific scenarios that would be challenging or
impossible to reproduce in real-world settings while offering
precise control over operating conditions. In this study, we
adopt this methodology by using an AV simulator to collect
data from a wide range of virtual scenes, each evaluated
under diverse operating conditions. Our approach enables the
creation of a comprehensive dataset that accurately captures
the complexity of real-world scenarios. Below, we explain
our rationale for the simulator selection and the methods we
used for data collection, processing, and labeling.

Tool Selection and Hardware Setup
Several open-source AV simulation tools exist, with CARLA
[10], LG SVL [30], and AirSim [31] standing out as the most
feature-rich and widely used. Unlike previous works relying
on these academic, open-source tools, we collected data
using SCANeR™ Studio [12], a professional, comprehensive
simulation platform developed by AVSimulation, widely
used in the automotive industry for testing and validat-
ing vehicle dynamics, advanced driver assistance systems
(ADASSs), and autonomous driving systems.
Unlike the aforementioned open-source simulators,
SCANeR"™ Studio offers a comprehensive suite of tools and
models to create a highly realistic virtual world, encompass-
ing road environments, vehicle dynamics, traffic, sensors,
driving behavior, and environmental conditions. Compared
to CARLA, which is primarily focused on autonomous
driving research and sensor testing in urban environments,
SCANeR™ Studio offers significantly more accurate models
for simulating vehicle dynamics and environmental condi-
tions. This enhanced realism is crucial for generating high-
fidelity sensory data, particularly under adverse conditions.
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To run our experiments, we used a workstation equipped
with an 8-core Intel 17-11700K processor (3.6 GHz), 32 GB
of RAM, and an NVIDIA GeForce RTX 3080 Ti GPU with
12GB of RAM.

Dataset Design
Our data collection strategy is guided by the goal of captur-
ing the same set of virtual scenes across a wide range of op-
erating conditions. Unlike most previous works focusing on
adverse-condition datasets, we treat weather (precipitation)
and lighting variations (time of day) as independent factors
influencing sensor performance, evaluating each scene under
every possible combination of these conditions. Our ap-
proach enables researchers to assess the impact on perception
algorithms of different operating conditions, individually
or in combination. For instance, researchers can identify
whether performance degradation stems from a specific
weather or lighting variation by evaluating their algorithm
on data collected from variations of the same base scene.
We set up 13 individual base scenes in SCANeR™ Studio,
using a mix of pre-existing and custom-made maps. These
scenes are designed to capture a wide variety of road layouts
and driving conditions in the urban, rural, and highway
environments. For each scene, we collect sensory data from
multiple agents, including connected autonomous vehicles
(CAVs) and roadside units (RSUs). Table II provides a
summary of the base scenes used in the ConVeX dataset.
As depicted in Fig. 1, each vehicular agent is equipped
with a suite of high-resolution RGB camera and LiDAR
and GNSS sensors. Each color camera has a resolution of
1600 x 900 pixels, with 120° horizontal field of view (FOV),
60° vertical FOV, and focal length of 65mm, recording
frames at 20 fps. The simulated LiDAR sensor is mounted
vertically on the roof of the vehicle, at a height of 1.8 m from
the ground, and replicates the specifications of a Velodyne
HDL-64E (64 channels, from —24.8° to +2° of vertical field
of view, 20 Hz revolution frequency, 80 m of maximum range
and 130K points per frame). Since SCANeR™ Studio does
not allow for the deployment of fixed sensors within the
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TABLE II. Overview of the 13 Base Scenes Used to Create the ConVeX Dataset and Their Distinctive Features: Number of Frames, Annotations, and
Agents (Along With Their Relative Average Distance), as Well as Number of Moving and Static Perception Targets and Their Average Number Per Frame

Id Scenario Description No. Frames | No. Annot. Czs’;Ag:St;s Dy':‘:.‘rgest:at. Avig)ell\‘lc)l;t'.l:;lgeets Dl?s‘;i liie(nntn)

U1_TJ_NTL Unregulated T junction 756 4756 6 3 21 47 38 49.73
U4_TI_TL Regulated T junction 1716 8994 5 3 25 28 45 74.66
U6_4J_TL Regulated 4-way junction 2676 18 628 [ 3 26 28 42 104.83
U7_4]_TL Urban Regulated 4-way junction 3468 14960 6 3 18 21 51.77
U8_RA_S Roundabout small 1284 6545 [ 3 19 25 39.32
U9 RA L Roundabout large 2316 6050 5 3 17 24 39 86.66
U10_SS_X Straight segment, crosswalk 1776 8164 7 2 17 2 18 122.55
Ull_SS_C Straight segment, construction site 1536 4973 7 2 18 3 21 104.72
R1_2LR Rural 2-lanes road 3180 19216 6 3 21 7 35 233.38
R3_NWR Narrow and winding road 3408 5444 6 3 17 1 12 207.42
H4_TB Toll booths 612 3384 7 2 19 32 40 268.62
H5_EE Highway Highway entering 1536 3057 7 2 15 21 20 160.54
H6_EE Highway exiting 1824 5999 6 3 18 22 30 222.34

Center of the rear axel

\ © Upward

Center of the Vehicle

FIG. 1. Layout of sensors for vehicular agents.

road infrastructure, we implemented RSUs as a workaround
by attaching sensors to stationary pedestrian actors, which
will be invisible in the simulations. The sensors of the
infrastructural agents are positioned 15 m above the ground,
looking diagonally downward at 35  and oriented toward
key points of interest in the road infrastructure, such as
intersections and toll booths. Each RSU is equipped with
a color camera and a LiDAR sensor, both sharing the same
global coordinates, and their specifications are identical to
those of the vehicular agents. The sensor layout is identical
across all vehicles and RSUs.

Regarding weather conditions, we consider four scenarios:
clear, cloudy, rainy, and snowy. Regarding the time of
day, we differentiate between twilight, daylight, and night-
time settings, corresponding to 6:00a.m., 12:00 p.m., and
8:00 p.m., respectively. Fig. 2 shows a frame taken from a
sample scene under all possible combinations of weather and
lighting conditions.

Collection Methodology

For each base scene, we ran individual simulations collecting
sensory data under all combinations of weather and time of
day, thus obtaining a total of 156 scenes. After synchronizing
each sensor in SCANeR™ Studio, we ran each simulation,
collecting data at a frequency of 20 Hz, resulting in each
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scene being composed of number of frames varying between
756 and 3468. For each frame, we extract video streams
from the RGB camera of the agents as well as LiDAR point
clouds. In addition, we collect GNSS data from all vehicles
appearing in the scene. We also instructed SCANeR™ Studio
to generate a list of ground-truth bounding-box annotations
for each potential detection target in every frame. To sup-
port a variety of downstream detection tasks, we included
dynamic and static objects in our target list. Both types
of objects are categorized into three main classes, namely
vehicles, vulnerable vehicles, and pedestrians for dynamic
objects, and traffic sign, traffic signal, and barrier for static
objects. Each main class is further divided into several
subclasses. Fig. 3 illustrates the target classes breakdown
and their occurrences in the ConVeX dataset.

Bounding boxes are derived from ground-truth annotations
generated directly by the simulation environment. First, the
3-D coordinates of the eight corner points of each object’s
bounding box, expressed in the global reference frame of
the simulation, are extracted from SCANeR™ Studio. They
are then post-processed to obtain a compact representation
consisting of the 3-D position of the box center (z,y, 2), its
dimensions (w, [, h), and its 3-D orientation (¢, ¢z, Gy, qz)-
We then filter these annotations by removing the bounding
boxes that contain no LiDAR points. Finally, we filter
out those without any suitable annotations, yielding 26 088
annotated frames, each comprising the sample image and
point cloud data for each agent.

VALIDATION AND QUALITY
We now present scene statistics and the generated annota-
tions to emphasize ConVeX data diversity and quality.

Scenes Statistics

Our scenes feature vehicles traveling at different speeds,
from stationary up to a maximum of 136 km/h. Fig. 4(a)
illustrates the vehicle speed distribution in the urban, rural,
and highway scenarios, where the speed values have been
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Twilight

Daylight

Nighttime

FIG. 2. Sample scene depicted under different operating conditions.

barrier (1.4%)

vehicle (40.4%) traffic_sign (35.8%)

traffic_signal (6.7%)

pedestrian (10.3%) vulnerable_vehicle (5.3%)

FIG. 3. Distribution of main target classes in the ConVeX dataset.

computed by considering only vehicles that are within 70
m from at least another agent and by averaging, for each
of such vehicles, its speed over all scenes and frames. We
observe that, consistently with real-world behavior, urban
scenes, primarily including vehicles approaching intersec-
tions, are characterized by lower speeds, mostly between 20
and 30km/h. In rural and highway scenes, instead, vehicles
tend to travel faster, with speeds mainly between 30 and
40km/h in the rural scenario and higher than 90km/h on
highways.

The dataset includes scenes with varying vehicle density.
Fig. 4(b) illustrates the distribution of the minimum Eu-
clidean distance between each pair of vehicles within a 70-
meter range from at least one agent. Again, distance values
are averaged across all scenes and frames. Urban scenes tend
to be more crowded, with most vehicles located within 20 m
of another vehicle. Highway scenes, while less dense than
urban ones, still show quite high values of vehicular density,
with most vehicles falling within a 20 to 30-meter range
from at least one other vehicle. This is a direct consequence
of the specific considered highway scenarios (i.e., vehicles
approaching a toll booth or entering/exiting the highway via
ramps. In contrast, rural scenes exhibit lower vehicle density,
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Snowy

with some vehicles separated by as much as 90 m from the
nearest vehicle.

Fig. 4(c) shows the distribution of minimum longitudinal
distances between CAV agents and other vehicles traveling
on the same road and lane, providing a more realistic
measure of inter-vehicle spacing in autonomous driving
scenarios. Compared to Euclidean distances, all scenarios
shift toward larger separations: urban traffic peaks around
20-30m, while rural and highway traffic are more spread
out, with most vehicles maintaining 30-40m headways,
reflecting free-flow conditions and lane-aligned spacing.

Annotation Statistics

Fig. 5 presents the occurrence of the number of annotations
per frame, with most frames containing three to six bounding
boxes. Fig. 6, instead, highlights the distribution of the size
of the bounding boxes across different classes of target
objects. The wide range of vehicle sizes underscores the
broad spectrum of real-world vehicles that is represented in
our database.

Benchmark

To demonstrate how the ConVeX dataset can be used to
assess the robustness of CP algorithms under adverse condi-
tions, we provide a preliminary benchmark using CoBEVT
[32], a multi-agent, multi-camera birds eye view (BEV)
semantic segmentation model. We first split the ConVeX
dataset into train/validation/test sets using a 60/20/20 ratio,
yielding 15652/5218/5218 frames per set. The split is strat-
ified across scenes to ensure a representative mix of urban,
rural, and highway scenarios.

We evaluate two variants of CoOBEVT on the test set. The
first (CoBEVT-V2X-Sim) is the COBEVT model trained on
the V2X-Sim dataset (consisting mostly of clear weather and
daytime scenes) as in [33]. The second (CoBEVT-ConVeX)
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FIG. 4. (a) Distribution of average vehicle speed, (b) minimum inter-vehicle distance, and (c) minimum longitudinal distance between each CAV agent
and the other vehicles on the same lane for each scenario, computed considering only those vehicles that are within a 70-meter range from at least one
agent.

12000 1) We do not store map data (e.g., images and semantic
maps).

2) We do not record the visibility level of instances
(e.g., the fraction of a detection target appearing in

6000 an image).

4000 3) We do record the base scene and the operating

conditions associated with each scene, by encoding

both pieces of information in the description

10000

8000

Number of Frames

2000

N ~° & o & field of the scene, using the following syntax:
um. of Annotations BASE_SCENE; WEATHER; TIME_OF_DAY; DESCR,
FIG. 5. Occurrence of the number of annotations per frame. where BASE SCENE is the base scene identifier as re-

ported in Table II, WEATHER and TIME_OF_DAY are
labels describing the scene’s operating conditions, as

is obtained by fine-tuning the first model on the ConVeX reported in Fig. 2, and DESCR contains any additional
training set for 30 additional epochs with learning rate of description of the scene.
0.00001. All results are reported in terms of AP@50, i.e., All annotations and metadata—including sensor parame-

average precision computed at an intersection-over-union ters, maps, ego poses, and operating conditions—are stored
(IoU) threshold of 0.5. Table III presents the results, broken ;. javaScript object notation (JSON) files and organized
down by operating conditions. Consistent with expectations, within a relational database, as detailed in the nuScenes
results for both models demonstrate the negative impact of 4o mentation [35]. Sensor data, annotations, and metadata

adverse operating conditions on the perception task, with ;e gtructured in files and folders as outlined in Table IV.
clear weather and daytime scenarios achieving the highest

scores, while snowy nighttime conditions emerge as the INSIGHTS AND NOTES
most challenging. Comparing the two models, CoBEVT-
V2X-Sim achieves AP@50 scores ranging from 28 to 44,
with a maximum gap of 15.8. Fine-tuning with ConVeX
leads to substantial performance improvements across all
scenarios, ranging from +13.77% to +32.3%, with a max-
imum gap of 12.7. These results indicate that fine-tuning on
the ConVeX dataset effectively enhances the robustness of
CoBEVT under adverse conditions. Notably, the largest gains
are observed in rainy and snowy scenarios, which align with
the fact that the V2X-Sim dataset consists predominantly of
clear weather and daytime scenes.

We remark that, by providing both the raw data and the
source code, we enable other researchers to expand the
ConVeX dataset with additional annotations, facilitating the
support for further downstream tasks such as semantic
segmentation.

SOURCE CODE AND SCRIPTS

The source code used to generate the dataset includes a
collection of Python scripts for the sampling, processing,
and annotation of raw data and for the generation of the
final samples in the modified nuScene format described in
“Records and Storage” section. Scripts take as input the raw
RECORDS AND STORAGE data we generated for each scene. Such data are organized
The collected data are stored in a modified version of the in a folder hierarchy, with folders labeled by the base scene
nuScenes [34] storage format, adapted to support multiple identifier at the top level (level 0), the weather conditions at
agents and varying operating conditions per frame. As a level 1, and the time of day at level 2. Each scene in level-
result, the dataset can be parsed using the nuScenes devkit 2 folder includes two subfolders: data and videos. The
[35]. Our storage format differs from the original nuScenes former contains GNSS data (gpsData.csv), LIDAR data
format in the following ways. (lidarData.csv), and ego pose data (vehData.csv)
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FIG. 6. Distribution of the length, width, and height of bounding box annotations across different classes of dynamic and static objects.

TABLE lll. Robustness Assessment of the CoBEVT CP Algorithm Under Adverse Conditions, Using the ConVeX Dataset

CoBEVT-V2X-Sim CoBEVT-ConVeX

Time Clear Cloudy Rainy Snowy Clear Cloudy Rainy Snowy
Twilight 40.32 39.61 30.08 3224 | 4638 (+15.0%) 46.55 (+17.5%) 37.85 (+25.8%) 39.27 (+21.8%)
Daytime | 44.00 41.08 34.18 3446 | 50.03 (+13.7%) 47.36 (+153%) 41.72 (+22.1%) 42.58 (+23.6%)
Nighttime | 38.15 35.37 31.02 28.21 | 44.83 (+17.5%) 42.38 (+19.8%) 40.06 (+29.2%) 37.32 (+32.3%)

Note: CoBEVT-V2X-Sim: CoBEVT model trained on the V2X-Sim dataset. CoOBEVT-ConVeX: obtained by fine-tuning CoBEVT-
V2X-Sim on ConVeX. All results are reported in terms of AP@50, with percentage increase relative to COBEVT-V2X-Sim between
parentheses.

TABLE IV. Folder Structure of the ConVeX Dataset

File or Folder Description

sampled/ Folder for sensor data at key-frames.

sampled/frames Folder for sampled video frames (PNG files).

sampled/gnss Folder for sampled GNSS data (NPY files).

sampled/points Folder for sampled point clouds data (PCD files).

v1l.0-ConVeX/ Folder for dataset annotations and metadata (JSON files).
v1.0-ConVeX/scene. json Sequences of consecutive frames, from X to Y seconds long, extracted from a log.
v1l.0-ConVeX/sample. json Annotated snapshots of a scene at a particular timestamp (frames).
v1.0-ConVeX/sample_data.json Data collected from a particular sensor at a given frame.
v1.0-ConVeX/sample_annotation.json | Bounding boxes defining the position of an object seen in a sample.
v1.0-ConVeX/instance. json Instances of detection target classes observed in samples.
v1.0-ConVeX/category. json Taxonomy of detection target classes.

v1l.0-ConVeX/attribute. json Properties of an instance that can change while the category remains the same.
v1l.0-ConVeX/sensor.json Sensor types.

v1l.0-ConVeX/calibrated_sensor. json | Definition of particular sensors (camera/LiDAR) as calibrated on a particular vehicle.
v1l.0-ConVeX/ego_pose. json Ego vehicle poses at a particular timestamp.

v1.0-ConVeX/log.json Logs/recordings from which the data was extracted.

for every agent in the scene, all in comma-separated values to obtain the dataset. C.F.C. and T.C. supervised the work

(CSV) format. The latter contains the video feeds (in audio and contributed to the paper writing.

video interleave (AVI) format) for each agent. The authors declare that they have no conflicts of interest.
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