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ABSTRACT

Cooperative Perception (CP) supports autonomous driving
by enabling connected autonomous vehicles (CAVs) to share
sensor data, thereby increasing situational awareness and
safety. However, training CP models requires diverse traf-
fic scenarios, and real-world datasets are limited due to the
high cost of multi-agent setups and the labor-intensive nature
of labeling. Synthetic datasets offer a scalable alternative,
but models trained exclusively on virtual data often face do-
main adaptation challenges. This paper presents a systematic
benchmark that evaluates two advanced 3D LiDAR-based ob-
ject detectors on synthetic and real datasets using three strate-
gies: training from scratch, transferring from synthetic to real
data, and training with mixed datasets. The results show that
pre-training on synthetic data followed by fine-tuning on real
datasets yields the best performance (+2% AP@0.5, +2-4%
AP@0.7 for car detection), while mixed training improves
cross-domain generalization. These findings underscore the
value of synthetic data as a complementary resource for de-
veloping robust CP systems.

Index Terms— Autonomous Driving (AD), V2V Coop-
erative Perception (CP), 3D LiDAR-based Object Detection,
Transfer Learning (TL), Simulation-to-Reality Domain Gap

1. INTRODUCTION

Perception of the environment is crucial for autonomous driv-
ing (AD) systems. Perception modules enable vehicles to
sense their surroundings and enhance awareness by contin-
uously collecting and processing raw data from onboard sen-
sors. Growing concerns about road safety have intensified ef-
forts to develop accurate perception systems for reliable real-
world operation.

Single-vehicle systems perform well on real benchmarks
but face inherent limitations, such as occlusions, limited sen-
sor range, and sparser data at greater distances, which can
significantly degrade performance in complex environments.
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1618680B-100 funded by the Spanish MCIN/AEI/10.13039/501100011033
and FEDER(EU) and by the 6G-EWOC project from the Smart Networks and
Services Joint Undertaking (SNS JU) under European Union’s Horizon Eu-
rope research and innovation programme Grant Agreement No. 101139182.

Cooperative perception (CP) offers a promising solu-
tion to the limited perceptual capabilities of individual ve-
hicles. By leveraging information shared among multiple
road agents, such as sensor-equipped vehicles and infrastruc-
ture [1]], CP improves collective awareness and driving safety.
Common communication modalities include V2V, V2I, and
V2X (V: vehicle, I: infrastructure, X: everything).

In a collaborative scenario, agents exchange and inte-
grate information from other agents at different stages of the
perception pipeline. The objective is not only to exchange
isolated messages with localized observations (e.g. Bird-
Eye-View detection coordinates and class labels), but also to
jointly generate a unified detection map. Depending on the
processing stage at which data is shared, approaches are cate-
gorized as follows [1}]2]]: Early fusion, where agents commu-
nicate their raw sensor data directly (accurate, but extremely
demanding in terms of bandwidth); Late fusion, where the
perceptual results of individual agents are shared [3] (simpler
communication, but at the cost of losing relevant informa-
tion); and Intermediate fusion, where each agent extracts
features from its on-board sensors and transmits them to
other users (provides a balance by enabling efficient commu-
nication while retaining rich information).

Before real-world deployment, CP systems must be safely
evaluated in virtual environments. Several datasets have re-
cently been introduced to support various AD tasks. How-
ever, while many focus on single-vehicle scenarios, large
datasets specifically designed for CP remain limited. Early
CP datasets rely on data generated by traffic simulation plat-
forms which provide large amounts of labeled data while
reducing the cost and complexity of deploying multiple con-
nected, fully equipped agents. Despite the strong perfor-
mance of state-of-the-art (SotA) models in virtual scenarios,
accuracy drops when moving to the real world due to dis-
crepancies between simulation and reality. With the recent
introduction of some large real CP datasets, increasing atten-
tion is being paid to bridging this synthetic-to-reality gap.

Building on current research, this study addresses a criti-
cal gap in CP. While the simulation-to-reality (sim2real) do-
main gap for single-vehicle 2D perception has been studied, it
remains largely unexplored for 3D LiDAR-based perception,
especially in multi-agent settings due to the scarcity and high
collection costs of real collaborative datasets. We examine the
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Fig. 1. 3D car detection results for a LiDAR-based scene in
OPV2V. Bounding boxes indicate true positives (blue), false
positives (red), and ground-truth without valid predictions
(green). Circles highlight false positives (red), missed detec-
tions ( ), and improvements achieved with CP (green).

utility and effectiveness of virtual data, analyzing the impact
of the existing sim2real gap to provide a practical engineering
roadmap for training in CP research.

To achieve this, this study compares synthetic and real
datasets based on their data distributions and characteris-
tics, and trains two SotA 3D LiDAR-based object detection
models that support CP settings. We conduct extensive exper-
iments on a large open-source synthetic dataset, OPV2V [4],
and the only two currently available large open-source real
datasets that support V2V communication: V2V4Real [3]
and V2X-Real [6]. By testing under different training con-
figurations, this study quantifies how synthetic data can com-
plement real data in CP, revealing previously undocumented
domain-specific generalization patterns. Specifically, we
compare the performance of models trained from scratch
on real data as a baseline with models fine-tuned after pre-
training on virtual data and with models trained jointly on real
and synthetic data. In addition, we systematically perform
cross-data inference to assess the impact of the discrepancy
between simulation and reality on performance, establishing
a comprehensive triangular cross-dataset benchmark.

The paper is organized as follows: the next section re-
views SotA models and datasets in CP and discusses strate-
gies to address the sim2real gap. Section [3] provides a com-
parative analysis of the adopted datasets. Section ] describes
the experimental setup, training strategies, and results. Sec-
tion 5] summarizes our key findings.

2. RELATED WORK

By aggregating information from multiple viewpoints, CP en-
ables a more comprehensive and robust understanding of the
scene, which is crucial for improving driving safety [447].
Fig.[I] presents an example where CP enhances 3D object de-
tection capabilities compared to single-vehicle perception.
For our experiments, we use two SotA 3D LiDAR-based
object detection models: S-AdaFusion [7] and TS-IFF [8§]].
Both extend PointPillars [9] and are implemented within the
OpenCOOQOD platform [4], which natively supports CP. The
common architecture underlying both models, comprises five

V2X-Real V2V4Real

3DBBs Density (log scale)

Fig. 2. Polar density maps of car 3DBBs over training sets.
The radial and polar axes represent the distance and angle of
3DBBs relative to the ego vehicle. Color intensity represents
density per bin (on a logarithmic scale).

stages: (i) metadata sharing between CAVs, LiDAR pre-
processing to remove noisy points, and projection of point
clouds into a unified coordinate system; (ii) feature encod-
ing of raw point clouds through pillarization to generate
2D pseudo-images; (iii) feature extraction from pseudo-
images to obtain mid-level features capturing richer semantic
information; (iv) intermediate feature fusion to aggregate
multi-agent features and create a shared representation of the
environment; and (v) a detection head that performs object
classification and 3D bounding box (3DBB) regression using
predefined anchors. These models differ only in the mid-level
fusion stage: S-AdaFusion applies spatially adaptive fusion,
while TS-IFF uses a two-stage adaptive fusion mechanism.

To train and evaluate CP systems, extensive and diverse
datasets are required. Real datasets are costly to collect, es-
pecially for CP research, as they require multiple agents de-
ployed in real environments with high-quality sensors, and
labeling is labor-intensive. Synthetic datasets have proven ef-
fective, less expensive, scalable and allow automatic labeling.

We examine the sim2real gap using both large-scale
synthetic and real datasets. For synthetic data, we use
OPV2V [4], one of the largest and widely used datasets
for validating CP models. It provides simulated 64-beam
LiDAR data from multiple CAVs across diverse environ-
ments, including CARLA’s default towns (DT) and a digital
replica of Culver City (CC). For real data, we use the only
two public large datasets that support V2V communication:
V2V4Real [5] and V2X-Real [6]. V2V4Real is the first large
dataset designed for V2V settings, with 32-channel LiDARs
on 2 vehicles driving on both highways and city streets. V2X-
Real is the first dataset to support V2X, involving both CAVs
and roadside units (RSUs). Data was recorded by 128-beam
LiDAR sensors on 2 vehicles navigating through urban in-
tersections and corridors, and from 128-beam LiDARSs on 2
RSUs at urban intersections.

Motivated by the limitations of existing open-source
datasets, especially in real settings that rarely provide multi-
agent recordings beyond a small number of agents, this study
focuses on V2V settings involving up to 2 CAVs.



Table 1. Comparison of statistics for the OPV2V, V2V4Real and V2X-Real datasets: ;1 + o are calculated from preprocessed
point clouds projected into the coordinate system of the ego-vehicle, discarding points and 3DBBs outside the perception range.

. Point-cloud size LiDAR points inside . .
3DBBs Density . 3 . Dimensions of 3DBBs [m]
(#3DBBs/frame) (#points/frame x10°) 3DBBs (#points/3DBB)
1 CAV 2 CAVs 1 CAV 2 CAVs L w H
| Train 15+8 53.84+1.9  96.7+202 3414945 59741243 46+05 20+0.1 1.6+0.1
>
Q| val 24+ 14 52.84+2.6  883+228 3254921 498-+1,136 4.6+05 20+0.1 1.6+0.1
) Lo DT 148 538419  99.64+18.1 3464999 58241269 45405 2.0+0.1 1.6-+0.1
CC 38410 546+06  847+245 2694805 384+962 45+05 20+0.1 1.6+0.1
5| Train 10+7 32.0+87  564+17.0 2204251 247+285 46405 20402 1.8+03
§\ Val 1045 263+3.6  49.0+112 1894251 224+315 49407 22402 19+03
S| Test 1249 357+58 639+ 144 3284325 4234529 47406 21403 1.8+03
. 64 69.8+1.1  98.0+33.6 3404527 430+618
= Train ,¢ 1346 20284112 28504984 6114921 787+1066 +OEO04 20+£02 17402
%)
& 64 68.9+34 10744360 303+416 423+554
% Val - 1yg 1446 2049+ 11.1 318841040 5504690 8474972 +O+04 21402 17402
>
64 701413 12874244 3734568 5374754
Test 1,5 19%10 20514134 37664735 6484904 963+ 1222 +OE04 21+02 17402

2.1. Bridging the Simulation-to-Real Datasets Gap

Most SotA models are developed and evaluated on specific
datasets, assuming that training and deployment data share
the same distribution [[10,/11]. However, existing datasets
cannot capture the full complexity and variability of the real
world. Virtual datasets enable controlled experimentation
and efficient labeling, but lack realism [5]]. In contrast, real
datasets naturally include sensor errors and reflect realistic
traffic dynamics, but are limited in scope and variety. As a re-
sult, these datasets often fail to capture real-world variations
and models tend to overfit to the domain-specific characteris-
tics of their training data [11]. This performance degradation
is primarily caused by the domain gap resulting from dis-
crepancies in sensor types, scene layouts, agent diversity,
perception architectures and data distributions [10].

Deep transfer learning (TL) has emerged as a power-
ful approach to improve the generalization capability of CP
models, enhancing adaptability and robustness under differ-
ent operating conditions. TL methods are broadly categorized
into supervised, unsupervised [5}/12]], weakly supervised and
semi-supervised, along with domain adaptation and domain
generalization [[10l/13]] strategies, each offering different ways
to address data scarcity and domain shift challenges.

Recent work has also explored the use of synthetic data
in fine-tuning strategies or as a data augmentation tool to
improve generalization, with most efforts targeting single-
vehicle 2D object detection, such as [[14]. The authors show
that pre-trained weights improve generalization on unseen
datasets, while training exclusively on synthetic data provides

no significant benefit. Combining synthetic and real data con-
sistently enhances performance. Similarly, [[15] highlights
that models trained only on synthetic images do not gen-
eralize, whereas balanced integration of synthetic data (e.g.
25-33%) improves performance on real benchmarks. Beyond
2D perception, [16]] evaluates the impact of synthetic data in
both 2D and 3D single-vehicle object detection, and shows
that combining real and synthetic images improves general-
ization. However in 3D LiDAR, it may increase cross-dataset
robustness at the expense of reduced in-domain performance.

3. DATASET CHARACTERISTICS AND ANALYSIS

Table [1| presents a comparative overview of the statistics for
LiDAR point clouds and 3DBBs in the datasets used in this
study: OPV2V, V2V4Real and V2X-Real. To ensure a con-
sistent and fair comparison, all statistics are derived from pre-
processed LiDAR point clouds, where 3DBBs and LiDAR
points outside the ego-vehicle’s perception range are filtered
out, as is done during training and evaluation.

Point cloud and 3DBB LiDAR density. V2X-Real’s
128-beams provide the highest point density and spatial cov-
erage, while its 64-beam version produces sparser clouds
comparable to OPV2V’s virtual 64-beam data. V2V4Real
uses 32-beams, resulting in the lowest density. Consistently,
3DBB LiDAR point density is highest with V2X-Real’s setup,
and increases under CP due to the additional viewpoint.

Density, spatial distribution and size of 3DBBs. OPV2V
provides more annotations per frame than V2V4Real, but its



Table 2. S-AdaFusion 3D Object Detection Performance under different training strategies

\ Test
oPvV22vV \ \
V2V4Real V2X-Real
| DT | cc | |
\ AP@.5 AP@.7 \ AP@.5 AP@.7 \ AP@.5 AP@.7 \ AP@.5 AP@.7
. OPV2V (S) 90.5 81.6 84.1 72.7 37.2 13.7 39.6 16.1
g0 V2V4Real (S) 35.7 23.3 29.5 19.3 62.4 34.8 54.0 36.0
§ OPV2V (P) — V2V4Real (F) 9.4 7.2 6.1 42 64.3 38.9 63.0 41.2
@ | OPV2V (100%) + V2V4Real (100%) 90.6 83.0 85.3 74.2 65.1 39.6 63.7 48.7
-E V2X-Real (S) 73.9 56.8 65.1 48.7 59.3 31.3 76.6 60.7
= OPV2V (P) — V2X-Real (F) 71.3 58.1 58.5 46.6 59.1 33.1 78.2 64.2
OPV2V (100%) + V2X-Real (100%) 89.4 81.5 86.2 75.2 66.2 36.3 74.7 61.3

Note: DT = Default Towns; CC = Culver City; Training Strategies: S = From scratch, P = Pre-training, F = Fine-tuning; Symbols: — = two-phase training,
+ = mixed dataset; Colours: grey = trained on synthetic data only, green = trained using at least V2V4Real, blue = trained using at least V2X-Real.

Table 3. TS-IFF 3D Object Detection Performance under different training strategies (See note in Table[2)

| Test
OPV2vV
V2V4Real V2X-Real

| DT | cC |

\ AP@.5 AP@.7 \ AP@.5 AP@.7 \ AP@.5 AP@.7 \ AP@.5 AP@.7
o OPV2V (S) 90.0 79.9 85.2 70.6 36.9 12.6 443 18.4
o V2V4Real (S) 26.6 17.6 22.9 15.9 60.6 33.5 52.8 35.3
E OPV2V (P) — V2V4Real (F) 25.0 18.3 21.0 14.9 62.8 35.0 61.8 43.8
@ | OPV2V (100%) + V2V4Real (100%) 88.4 78.8 86.1 72.2 53.1 26.3 46.1 32.0
.§ V2X-Real (S) 75.6 52.9 64.7 43.8 54.2 30.1 72.6 56.3
= OPV2V (P) — V2X-Real (F) 78.5 60.3 68.1 51.4 62.3 34.4 73.9 58.9

OPV2V (100%) + V2X-Real (100%) 88.6 78.2 85.2 71.4 48.8 22.7 56.3 41.1

subsets vary considerably. The validation set contains 10-35
cars per frame, while the CC test set is even denser with
around 38 cars per frame. In contrast, V2V4Real consistently
contains fewer 3DBBs. V2X-Real is more similar to OPV2V
and has slightly more 3DBBs than V2V4Real. The spatial
distribution of 3DBBs also shows important differences. Po-
lar density maps in Fig. 2| show that OPV2V and V2X-Real
provide a balanced distribution of objects over radial dis-
tances and angles relative to the ego vehicle, with similar
patterns and annotation densities. In contrast, V2V4Real dis-
plays an irregular distribution, with most annotations located
behind the ego vehicle. For 3DBBs, all datasets have com-
parable length, width, and height ranges, suggesting that GT
dimensions are unlikely to contribute to domain gap effects.

4. EXPERIMENTAL SETUP AND RESULTS

‘We use the detection models codebases and datasets released
by the original authors, built on top of the OpenCOOD [4]

framework. Each experiment runs on a single GPU, either a
GeForce GTX 1080 Ti or a GeForce RTX 2080 Ti, each with
11 GB of memory. The software environment uses CUDA
v11.3 and the cuDNN v8.3.2 library.

Experiments follow three training strategies: (i) train-
ing on single datasets; (ii) sim2real knowledge transfer; and
(iii) training on mixed datasets, with batches balanced ata 1:1
sim2real ratio. To ensure a controlled environment, all exper-
iments use the OpenCOQOD deterministic protocol (fixed ran-
dom seed) and identical hyperparameters. Our analysis first
evaluates the Average Precision (AP) of S-AdaFusion (Ta-
ble [2)) across the main strategies, both on the training set and
by cross-dataset inference at 0.5 and 0.7 Intersection-over-
Union thresholds. We then analyse repeated experiments on
TS-IFF (Table ) to confirm these trends. Additional details
and experiments are available in the extended report [[17].

Single-dataset training. We first analyze single-dataset
setups to establish a baseline with models trained on individ-
ual datasets without prior knowledge from others. The model



trained on synthetic data (OPV2V) performs strongly on syn-
thetic test sets (90.5% AP on DT). However, on both real
test sets (V2V4Real and V2X-Real), performance drops to
nearly 40% AP@.5 and 15% AP@.7, illustrating the sim2real
domain gap. Models trained from scratch on real data also
perform well within the same source domain, but with lower
scores than those of models trained and tested on synthetic
data, reflecting the higher complexity of real data. Cross-
domain evaluation, reveals contrasting generalization pat-
terns. The model trained on V2V4Real shows weaker gen-
eralization, indicating strong overfitting to its own training
distribution, while the V2X-Real model generalizes more
effectively. This improved transferability can be attributed
to a greater variety of traffic patterns captured in V2X-Real.
Additionally, V2V4Real contains fewer and longer scenes,
likely increasing redundancy in the training data. The analy-
sis in Section [3] further supports this: OPV2V and V2X-Real
have more similar car distributions in terms of density and
spatial arrangement, while V2V4Real contains fewer vehicles
per frame and a stronger concentration on the rear side.

Sim2real knowledge transfer. Next, we analyze the
two-stage strategy which uses synthetic data as a strong ini-
tialization (pre-training) before fine-tuning on real datasets.
Fine-tuning on V2V4Real or V2X-Real improves accuracy
on their respective test sets, with AP@.5 and AP@.7 in-
creasing by about +2% and +4%, respectively, compared to
training from scratch. Domain transfer across real datasets is
slightly beneficial: fine-tuning on V2V4Real improves V2X-
Real performance by 7 — 9% AP relative to the model trained
solely on V2V4Real and fine-tuning on V2X-Real maintains
or slightly increases accuracy on V2V4Real. A consequence
of this strategy is catastrophic forgetting, as model perfor-
mance on synthetic data drops significantly after real fine-
tuning, as observed after fine-tuning on V2V4Real. However,
since our goal is strong performance on real data, synthetic
pre-training is valuable providing a better initialization than
random weights and offering transferable knowledge that
enhances learning across real domains.

Mixed-dataset training. Finally, we explore joint train-
ing on mixed synthetic and real data from scratch to lever-
age complementary information from both domains, encour-
aging the model to learn domain-independent features. To
assess the impact of the balance of synthetic and real data,
we explore different ratios of OPV2V and real samples: 25%,
50% and 100% synthetic samples, all combined with a 100%
real dataset. Results for the 100%+100% setup are shown
in Table [2} as it achieves the highest accuracy across all ra-
tios. Additional results for 50% and 25% ratios can be found
in [17]. Joint training with OPV2V+V2V4Real yields consis-
tent performance gains on most datasets compared to training
on V2V4Real alone. The combination of OPV2V+V2X-Real
improves cross-domain robustness and benefits OPV2V and
V2V4Real scores, although we observe a small in-domain
drop on V2X-Real itself.

Evaluation of TS-IFF across training strategies. To
verify the consistency of observed trends and assess model
sensitivity across training strategies, we repeated all experi-
ments using the TS-IFF model (results in Table[3). The same
general trends appear for single-dataset training and fine-
tuning: strong in-domain performance but poor transfer when
training on OPV2YV, and consistent improvements by around
+2% AP on both real test sets by fine-tuning. However, when
mixing synthetic and real data, instead of gaining robustness,
TS-IFF struggles, likely due to its higher model complexity,
as it employs complex multi-stage mid-level modules and
dynamic weights. When jointly trained on disparate distribu-
tions (virtual 64 vs. real 128/32-beam), its complexity makes
joint training less stable and results in weaker performance.

Other observations and insights. Some additional per-
formance trends are evident in the reported results. First, per-
formance on the CC test set is consistently lower than on the
DT set across all models and training strategies. This is likely
because CC scenes are denser with significantly more objects
per frame (an average of 38 cars vs. 14 cars per frame in
DT), making detection more challenging. Another notable
trend across all experiments is that performance on V2V4Real
is consistently lower than on V2X-Real, even with the best
training settings. With S-AdaFusion, models trained on V2X-
Real achieve 75 — 78% AP@0.5, while V2V4Real does not
exceed 66% AP@.5. This discrepancy may be due to dif-
ferences in sensor resolution: V2X-Real 128-beam LiDAR
vs. V2V4Real 32-beam. This leads to much denser point
clouds and richer information in V2X-Real, which directly
supports stronger detection performance as supported by Ta-
ble IX in [|[17]. Applying the same trained model to identical
scenes, merely reducing the input resolution from 128 to 64
beams causes a drop of 10 — 20% AP@.5.

5. CONCLUSIONS

The experimental results provide clear evidence that synthetic
data, while unable to replace real data, can play a valuable
role in advancing CP in real settings. Our systematic empir-
ical evaluation reveals three key insights: (i) pure synthetic
training fails to generalize to real domains, a two-stage strat-
egy using synthetic pre-training followed by real fine-tuning
proves to be the most reliable approach, consistently outper-
forming training from scratch on real datasets (+2% AP@.5);
(i) joint training on mixed domains shows that virtual and
real data can serve as complementary sources, improving ro-
bustness and cross-domain generalization for simpler mod-
els like S-AdaFusion, yet causing optimization instability in
complex models like TS-IFF; and (iii) performance differ-
ences across datasets demonstrate the substantial impact of
LiDAR resolution, realistic point cloud data, 3DBB distri-
bution, and scene complexity, highlighting the importance of
large, diverse datasets and the need for virtual data that better
replicate real technologies.
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