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Abstract—Perceiving the complex driving environment pre-
cisely is crucial to the safe operation of autonomous vehicles.
With the tremendous advancement of deep learning and com-
munication technology, Vehicle-to-Everything (V2X) cooperative
perception has the potential to address limitations in sensing
distant objects and occlusion for a single-agent perception system.
V2X cooperative perception systems are software systems char-
acterized by diverse sensor types and cooperative agents, varying
fusion schemes, and operation under different communication
conditions. Therefore, their complex composition gives rise to
numerous operational challenges. Furthermore, when cooperative
perception systems produce erroneous predictions, the types of
errors and their underlying causes remain insufficiently explored.

To bridge this gap, we take an initial step by conducting an
empirical study of V2X cooperative perception. To systematically
evaluate the impact of cooperative perception on the ego vehicle’s
perception performance, we identify and analyze six prevalent
error patterns in cooperative perception systems. We further
conduct a systematic evaluation of the critical components of
these systems through our large-scale study and identify the
following key findings: (1) The LiDAR-based cooperation configu-
ration exhibits the highest perception performance; (2) Vehicle-to-
infrastructure (V2I) and vehicle-to-vehicle (V2V) communication
exhibit distinct cooperative perception performance under differ-
ent fusion schemes; (3) Increased cooperative perception errors
may result in a higher frequency of driving violations; (4) Coop-
erative perception systems are not robust against communication
interference when running online. Our results reveal potential
risks and vulnerabilities in critical components of cooperative
perception systems. We hope that our findings can better promote
the design and repair of cooperative perception systems.

Keywords—Autonomous Driving Systems, Cooperative Percep-
tion, Offline and Online Testing

I. INTRODUCTION

Autonomous driving systems (ADSs) have attracted sig-
nificant attention from both industry and academia due to
their great potential and long-term value [1]. Among the
core components of ADS, the perception module plays a
pivotal role, processing and interpreting multi-modal sensor
data through deep neural networks (DNNs) to detect and
localize obstacles. Recent advancements in deep learning and
sensor fusion technologies have substantially improved the
accuracy and robustness of perception systems in autonomous
vehicles [2], [3]. Despite these remarkable developments,
single-agent perception systems often produce inaccurate or

∗Enyi Tang and Zhenyu Chen are corresponding authors.

incomplete results due to inherent single-view limitations,
which can significantly compromise the safety and perfor-
mance of ADS. Unfortunately, despite extensive testing of
ADS on public roads for tens of thousands of hours [4], these
limitations can still result in incorrect system behavior or even
severe accidents [5], [6].

Vehicle-to-everything (V2X) cooperative perception tech-
nology has emerged as a promising solution to address the
inherent limitations of single-agent perception systems, par-
ticularly in detecting occluded objects and long-range obsta-
cles [7], [8]. By enabling communication among road partici-
pants (e.g., connected vehicles and roadside units), V2X facili-
tates the sharing and fusion of perception information, thereby
significantly improving overall perception accuracy. In par-
ticular, vehicle-to-vehicle (V2V) and vehicle-to-infrastructure
(V2I) systems have received increasing attention. Major auto-
motive manufacturers and technology leaders, including Ford,
Volvo, and Baidu, are heavily investing in V2X platform
development, aiming to empower autonomous vehicles with
enhanced environmental perception capabilities for safe navi-
gation in complex urban and highway scenarios [9], [10].

The rapid advancement of V2X cooperative perception sys-
tems has introduced a range of challenges and concerns. The
primary concern lies in the reliability of the information and
the effectiveness of its fusion. On the one hand, cooperative
agents may introduce erroneous or misleading information
into the perception pipeline. On the other hand, even when
the information provided by cooperative agents is correct,
improper fusion with the existing perception pipeline may still
result in inaccurate perception outcomes. As a highly complex
system, V2X cooperative perception integrates multiple critical
components, including heterogeneous sensors (e.g., LiDAR
and camera), diverse cooperating agents (e.g., V2V and V2I),
environment understanding, and reliable wireless communi-
cation. While such integration can effectively address the
performance limitations of standalone perception systems, it
also introduces new vulnerabilities. Failures or inconsistencies
in any individual component may undermine the robustness
of the entire V2X pipeline, potentially leading to inaccurate
perception and unsafe decision-making by the ego vehicle.
Therefore, it is imperative to conduct comprehensive testing
and analysis of each key component to identify potential
sources of fragility and to evaluate their impact on the overall
reliability of cooperative perception.

To bridge this gap, we take an initial step in this paper by
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conducting an empirical study of V2X cooperative perception
systems. Figure 1 presents the high-level design and workflow
of our study. We begin by performing a comprehensive analysis
of V2X cooperative perception systems with different fusion
schemes (detailed in Section II-A) and identifying six distinct
cooperative perception error patterns. To investigate the perfor-
mance of key components in the V2X cooperative perception
process, we have formulated four research questions investi-
gating the following aspects: (1) the effect of heterogeneous
sensor configurations on perception performance (RQ1), (2)
the performance differences between V2V and V2I cooperation
modes (RQ2), (3) how cooperative perception errors lead to
driving violations (RQ3), and (4) the impact of communication
issues on system effectiveness (RQ4). These questions aim to
identify critical challenges and highlight potential opportuni-
ties for advancing cooperative perception. Finally, we conduct
empirical evaluations for each research question and identify
several key findings, which we expect could provide feedback
to enhance the quality of cooperative perception systems.
The detailed findings are summarized as follows: (1) LiDAR-
based cooperative configurations achieve the highest percep-
tion performance among various sensor setups; (2) V2I and
V2V cooperation exhibit distinct performance across fusion
schemes, with V2I performs better under the early fusion
mechanism and V2V showing superior perception performance
under intermediate and late fusion schemes; (3) increased
cooperative perception errors could lead to a higher frequency
of driving violations; and (4) cooperative perception systems
are vulnerable to communication interference. Our findings
reveal potential risks and vulnerabilities in critical components
of cooperative perception systems, providing insights that
could help improve their overall reliability.
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Fig. 1: Workflow of the high-level empirical study on cooper-
ative perception.

The main contributions of this paper are summarized as
follows:

• To the best of our knowledge, this work presents the
first large-scale empirical study of a V2X cooperative
perception system. We conduct a comprehensive analysis
of error patterns to evaluate the performance of critical
components within the cooperative perception systems.

• We further discuss existing V2X cooperative perception
systems and outline potential future directions, including
the advantages of various configurations in heterogeneous
environments and opportunities for driving performance
enhancement. Moreover, we come up with several novel
findings and insights. These findings and insights can

benefit future research on cooperative perception and
support the practical deployment of ADSs.

• To support the open science community, we make our
source code publicly accessible1 to facilitate the replica-
tion of our study and its application in extensive contexts.

This paper represents one of the earliest efforts to in-
vestigate cooperative perception systems. This study enables
a quantitative investigation of these critical questions and
facilitates further research in quality assurance for cooperative
perception. In general, V2X cooperative perception plays a key
role in enabling ADSs and potentially impacts autonomous
driving applications and domains. Given the rapid shift toward
a data-driven, intelligent networking era, we believe that early-
stage investigation into cooperative perception systems will
help practitioners better understand current limitations and
develop more robust engineering techniques. Such efforts will
pave the way toward designing safer and more reliable V2X-
aided ADSs.
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Fig. 2: Overview of cooperative perception schemes for au-
tonomous driving.

II. BACKGROUND

A. Heterogeneous V2X Cooperative Perception

Owing to the inherent limitations of camera and LiDAR
sensors, occlusion and long-range perception remain persis-
tent challenges for autonomous systems in single-vehicle set-
tings [11]. These limitations may result in critical failures in
complex traffic scenarios. Conversely, cooperative perception
systems enable multi-vehicle cooperative detection, overcom-
ing the constraints of single-vehicle perception. By utilizing
V2X communication, connected vehicles and infrastructure
can share sensory data, yielding multiple viewpoints of ob-
stacles and compensating for mutual blind spots [12], [13].

Multi-agent heterogeneous cooperative perception enables
a group of agents to jointly perceive their environment and ex-
change complementary perception information. In real-world
scenarios, various operationally and structurally different co-
operative agents (e.g., vehicles and roadside units (RSUs))
are typically equipped with different sensors (e.g., LiDAR

1https://github.com/meng2180/V2X-Cooperative-Perception
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and cameras), sharing heterogeneous environmental perception
information recorded in specific formats (e.g., images and
point clouds). The ego vehicle then receives and fuses this
heterogeneous information using a specific fusion scheme to
accomplish the perception task (e.g., object detection). The
following details the heterogeneous cooperative perception
fusion scheme and the cooperative 3D object detection task.

Fusion Scheme. V2X cooperative perception methods can
be divided into three categories based on the information
fusion stage: early fusion, late fusion, and intermediate fu-
sion [14]. A schematic overview of these cooperative per-
ception schemes is provided in Figure 2. For mathematical
clarity, consider a scenario with N connected agents including
one ego vehicle (denoted as E) and N − 1 cooperative
agents (denoted as Ci), where the local raw sensor data
observed by the i-th agent at time step t is denoted as
Xt

m (m ∈ {E,Ci}|i ∈ 1, 2, . . . , N − 1}). As illustrated
in Figure 2(a), early fusion involves aggregating raw sensor
observations collected by all participating agents, fostering
a comprehensive perspective [15]. The ego receives the raw
observation Xt

Ci
(i ∈ {1, · · · , N − 1}). After that, it performs

data fusion FEarlyFusion on the received raw data with self-
raw data and produces a fused complete observation. Then,
the ego vehicle uses an encoder FEncoder (·) to extract high-
level cooperative perception features from its fused complete
observation. Finally, the ego vehicle uses a decoder FDecoder (·)
to decode the cooperative perception feature and obtain the
cooperative perception results. As illustrated in Figure 2(b),
intermediate fusion shared intermediate features rather than
raw data. Firstly, each agent extracts its own feature data
F t
m (m ∈ {E,Ci}|i ∈ 1, 2, . . . , N − 1}) from its raw

perception data Xt
m. Then, the extracted individual feature data

of connected agents is shared with the ego vehicle via V2X
communication. After receiving shared feature data F t

Ci
from

other N−1 agents, the ego vehicle uses an intermediate fusion
algorithm FInterFusion (·) to generate the fused cooperative per-
ception feature data. Finally, the fused cooperative perception
feature is fed into the decoder FDecoder (·) to obtain the final
cooperative perception result. Late fusion involves exchanging
individual perceptual outcomes, as depicted in Figure 2(c),
requiring minimal data transmission. In this case, each agent
independently processes its raw perception data Xt

m, generates
its feature data F t

m, and its final perception result St
m. After

individual processing, the individual perception results from
each agent are shared with the ego vehicle. Then, it uses a late
fusion algorithm FLateFusion (·) to fuse the received individual
perception result from all other N − 1 agents and its own
perception result to generate the cooperative perception result.

The Preliminaries of Cooperative 3D Object Detection.
Cooperative 3D object detection serves as a core percep-
tion task for V2X communication systems, allowing ADS to
achieve comprehensive environmental awareness. In cooper-
ative 3D object detection, the cooperative perception system
takes a multi-view scene data as input, which consists of an
ego vehicle’s data Xt

E and data Xt
coop = {Xt

Ci
}n−1
i=1 from

the observation perspectives of n− 1 cooperative agents. The
system then outputs a bounding box for each detected object
based on the relative position of the ego vehicle, providing
its 3d location loc = [x, y, z], dimensions length l, width
w, height h, and orientation through a heading angle yaw.
The accuracy of cooperative 3D object detection is typically

evaluated using the Intersection over Union (IoU) metric [16].
IoU is computed as IoU = area(bp ∩ bgt)/area(bp ∪ bgt),
where bgt denotes the ground-truth 3D bounding box and
bp represents the predicted 3D bounding box, both projected
in bird’s-eye view. This metric quantifies the ratio of the
overlapping area to the union area of the predicted and ground-
truth boxes. An object is considered successfully detected if
the IoU exceeds a predefined threshold τ .

B. Offline and Online Testing

Labeled Dataset Training Set CP Model Test Set

ADS Driving ControlsSimulator Test Inputs

Split Train

Split

Test & Evaluate

Offline Testing

Online Testing
PredictCapture

Deploy

Fig. 3: Offline and online phases of cooperative perception
system testing.

Testing has emerged as a well-established and effective
approach for assessing the potential risks associated with
deploying a software system in real-world scenarios. Unlike
traditional software testing, deep learning-based cooperative
perception system testing follows a structured workflow com-
prising two distinct phases: offline testing and online test-
ing [17], [18], as illustrated in Figure 3. Offline testing consti-
tutes a standard and essential step in the development of co-
operative perception systems, typically conducted immediately
after system training. Its primary objective is to ensure that the
trained system demonstrates sufficient accuracy when applied
to a test dataset. Following offline testing, online testing is
performed by software testers by deploying the cooperative
perception system on a specific ADS to examine its interaction
with the operational environment under realistic conditions.

Specifically, during offline testing, cooperative perception
systems are tested as a unit in open-loop mode. They receive
test inputs that can be generated without the participation of
the system under test, either manually or automatically. The
system’s performance is generally assessed by comparing the
predicted output bounding boxes with the expected ground
truth boxes. Conversely, in online testing, the cooperative
perception system is evaluated in a closed-loop environment
within a driving simulator. In this phase, test inputs are
generated dynamically by the simulated environment, and the
ADS’s outputs are fed back into the simulator. Online testing
evaluates cooperative perception systems by monitoring for
safety-critical requirement violations (e.g., collisions or off-
road) triggered by the ADS’s output behavior.

III. COMPREHENSIVE ANALYSIS OF COOPERATIVE
PERCEPTION SYSTEM BUGS

The purpose of V2X cooperative perception design is to
help the ego vehicle have more comprehensive and accurate
perception, but it may produce erroneous perception results
during operation. Cooperative errors in complex cooperative
perception systems can originate from multiple components,
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including the ego vehicle, cooperative vehicles or infrastruc-
tures, and the information fusion process. This section presents
a comprehensive analysis of the error patterns observed in
cooperative perception systems and identifies six typical cate-
gories. Before giving a formal definition of cooperation error
patterns, we give a formal representation of V2X-oriented
cooperation perception.

A. Formal Representation

We first formalize the V2X-oriented cooperative perception
system and the ego vehicle perception system. Consider n− 1
cooperative agents and an ego vehicle in the scene. Let Xt

E and
Xt

Ci
represent the observation of the ego vehicle and the i-th

cooperative agent at time step t, respectively. The cooperative
perception systems CP can be represented as:

ΦCP (X
t
E , {Xt

Ci
}n−1
i=1 ) = {(bCP

i )|i ∈ [nCP ]}
Similarly, the ego vehicle perception system can be represented
as:

ΦE(X
t
E) = {(bEi )|i ∈ [nE ]}

,where x ∈ {E,CP} and Φx denotes the perception network
of the corresponding perception system, bxi represents the i-
th 3D bounding box in the perception results. Let nx denote
the number of 3D bounding boxes detected by the perception
system. We define the index set of these bounding boxes as
[nx] = {1, 2, . . . , nx}. Similarly, let bTi denote the i-th ground-
truth bounding box and nT the total number of ground-truth
3D bounding boxes. We use Bx =

⋃nx

i=1 b
x
i , x ∈ {T,E,CP}

to represent the set of all bxi .

B. Cooperative Perception Error Patterns

The primary purpose of the V2X cooperative perception
system is to assist the autonomous driving ego vehicle in
achieving more accurate perception. If V2X cooperation fails
to improve or even degrades the ego vehicle’s performance,
it is considered a cooperative perception error. Based on
this principle, we performed pattern mining on an existing
cooperative perception dataset, systematically comparing ego
perception results with cooperative perception results in iden-
tical scenes. This analysis revealed two major error categories:
misleading cooperative errors (denoted as LE), where coopera-
tion negatively affects otherwise correct ego perception results,
and miscorrected cooperative errors (denoted as CE), where
cooperation fails to resolve existing ego perception weaknesses
such as occlusions or long-distance detections.

In this paper, we focus on the task of cooperative 3D object
detection, which serves as a representative task for cooperative
perception. Note that, in single-agent 3D detection tasks, error
types are typically categorized as missing errors, localization
errors, and additional detection errors, as established in prior
research [19]. Missing errors occur when the perception sys-
tem fails to detect an object; localization errors occur when
producing an inaccurately localized perception bounding box
of the object; and additional detection errors occur when
the system predicts objects that do not exist in the scene.
Hence, as shown in Figure 4, each cooperative perception
error category (i.e. misleading cooperative errors (LE) and
miscorrected cooperative errors (CE)), can be further subdi-
vided according to these detection error types, resulting in six
distinct cooperative perception error subcategories: misleading

cooperative missing error (LCME), misleading cooperative
localization error (LCLE), misleading cooperative additional
detection error (LADE), miscorrected cooperative missing
error (CCME), miscorrected cooperative localization error
(CCLE), and miscorrected cooperative additional detection
error (CADE). For clarity, the first letter (i.e., L or C) in each
error abbreviation indicates the cooperative perception error
category (CE or LE), while the remaining letters specify the
corresponding 3D object detection error type. In the following,
we provide a detailed description of these error patterns.

LCME 

LCLE 

LADE 
Cooperative Missing Error

Cooperative Localization Error

Cooperative Additional 
Detection Error

Cooperative Perception

Ego

CI CV

Ego

Mislead
Detection Results

Detect

Ego
Detect

CCME 

CCLE 

CADE 

Miscorrect

Fig. 4: Graphical representation of error patterns in cooperative
perception systems.

1) Misleading Cooperative Missing Error (LCME): A mis-
leading cooperative missing error occurs (1) when an ego
vehicle accurately perceives its objects during operation, and
(2) the cooperative perception system may mislead the ego
vehicle into losing the perception bounding box of the object
due to inaccurate shared information or faulty fusion logic.

Definition. Consider a cooperative perception system CP. CP
makes misleading cooperative missing error if

∃bTi ∈ BT , s.t. DE(b
T
i ) ∧ ∀bCP

j ∈ BCP , IoU(bTi , b
CP
j ) = 0

, where DE is the criteria to decide whether the ego vehicle
system successfully matches the ground-truth bounding box
bTi . ∀bCP

j ∈ BCP , IoU(bTi , b
CP
j ) = 0 indicates that, for any

predicted detection box bCP
j of CP, the IoU between the

ground-truth bounding box bTi of the i-th object and bCP
j is

zero. This condition indicates that the cooperative perception
system CP has entirely missed the detection of the i-th object.

2) Misleading Cooperative Localization Error (LCLE): A
misleading cooperative localization error occurs (1) when an
ego vehicle accurately perceives its objects during operation,
and (2) the cooperative perception system may mislead the
ego vehicle into producing an inaccurately localized perception
bounding box of the object due to inaccurate shared informa-
tion or faulty fusion logic.

Definition. Consider a cooperative perception system CP. CP
makes misleading cooperative localization error if
∃bTi ∈ BT , s.t. DE(b

T
i ) ∧ ∃bCP

j ∈ BCP , 0 < IoU(bTi , b
CP
j ) ≤ τ

, where ∃bCP
j ∈ BCP , 0 < IoU(bTi , b

CP
j ) ≤ τ indicates that

there exists a predicted detection box bCP
j from the cooperative

perception system CP such that the ground-truth bounding box
bTi of the i-th object partially overlaps with bCP

j , but the over-
lap falls below the threshold τ . This condition indicates that
the detection box bCP

j predicted by the cooperative perception
system CP has inaccurately localized the i-th object.

3) Misleading Cooperative Additional Detection Er-
ror (LADE): Additional detection refers to the case that the
system treats an arbitrary region without objects as an “object”.
A misleading cooperative additional detection error occurs (1)
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when the ego vehicle makes the correct decision about an
object that does not exist in the real world during operation,
and (2) the cooperative perception system may mislead the ego
vehicle into producing an additional detection of a bounding
box due to inaccurate shared information or faulty fusion logic.

Definition. Consider a cooperative perception system CP. CP
makes a misleading cooperative additional detection error if

∃bCP
j ∈ BCP , s.t.∀bEm ∈ BE , IoU(bEm, bCP

j ) = 0

∧∀bTi ∈ BT , IoU(bTi , b
CP
j ) = 0

, LADE is considered to occur when the predicted box bCP
j

generated by CP neither overlaps with any predicted box bEm
of the ego vehicle nor with any ground-truth bounding box
bTi of the object to be detected. The first condition indicates
that the ego vehicle does not produce an erroneous prediction
similar to bCP

j , while the second condition indicates that
the cooperative perception system CP makes an erroneous
prediction by generating an additional detection box at a
location where no obstacle actually exists.

4) Miscorrected Cooperative Missing Error (CCME): A
miscorrected cooperative missing error occurs (1) when an ego
vehicle inaccurately perceives its objects during operation, and
(2) the cooperative perception system incorrectly completes
or corrects the ego vehicle’s perception results to miss the
detection of the object.

Definition. Consider a cooperative perception system CP. CP
makes miscorrected cooperative missing error if

∃bTi ∈ BT , s.t. ¬DE(b
T
i ) ∧ ∀bCP

j ∈ BCP , IoU(bTi , b
CP
j ) = 0

, where ¬DE is the criteria to decide whether the ego vehicle
system unsuccessfully matches the ground-truth bounding box
bTi . The distinction between LCME and CCME lies solely
in whether the ego vehicle’s perception system successfully
detects the object.

5) Miscorrected Cooperative Localization Error (CCLE):
A miscorrected cooperation localization error occurs (1) when
an ego vehicle inaccurately perceives its objects during op-
eration, and (2) the cooperative perception system incorrectly
completes or corrects the ego vehicle’s perception results to
produce an inaccurately localized perception bounding box of
the object.

Definition. Consider a cooperative perception system CP. CP
makes miscorrected cooperative localization error if
∃bTi ∈ BT , s.t. ¬DE(b

T
i ) ∧ ∃bCP

j ∈ BCP , 0 < IoU(bTi , b
CP
j ) ≤ τ

, where ¬DE is the criteria to decide whether the ego vehi-
cle system unsuccessfully matches the ground-truth bounding
box bTi . The difference between LCLE and CCLE lies only
in whether the ego vehicle’s perception system successfully
detects the object.

6) Miscorrected Cooperative Additional Detection Er-
ror (CADE): A miscorrected cooperative additional detection
error occurs (1) when the ego vehicle produces an additional
detection of a bounding box during operation, and (2) the
cooperative perception system fails to correct this erroneous
detection, instead producing a false detection bounding box
near the original additional detection location.

Definition. Consider a cooperative perception system CP. CP
makes a miscorrected cooperative additional detection error if

∃bCP
j ∈ BCP , s.t.∃bEm ∈ BE , IoU(bEm, bCP

j ) > 0

∧∀bTi ∈ BT , IoU(bTi , b
CP
j ) = 0

Unlike LADE, CADE occurs when the prediction box bEm of
the ego vehicle overlaps with the prediction box bCP

j generated
by CP. This indicates that the cooperative perception system
CP generates additional detection boxes without correcting the
erroneous prediction of the ego vehicle.

IV. EMPIRICAL STUDY DESIGN

A. Research Questions

RQ1. How does equipping cooperative agents with
heterogeneous sensors affect the performance of cooper-
ative perception systems? Heterogeneous environments that
integrate different sensor types may introduce new challenges
for cooperative perception. RQ1 aims to evaluate the perfor-
mance of agents equipped with diverse sensor configurations
when cooperating with the ego vehicle. In this RQ, we focus
on three cooperation scenarios: LiDAR-based cooperation,
camera-based cooperation, and hybrid multimodal (LiDAR and
camera) sensor cooperation. Specifically, in the first two coop-
erative scenarios, all agents are equipped with the same sensor
type. In the final multi-modal scenario, participants comprise a
heterogeneous mix of LiDAR-equipped and camera-equipped
agents, with the ego vehicle randomly assigned one of the
sensor configurations in each trial.

RQ2. What are the differences in cooperative per-
ception performance between V2V and V2I cooperation
modes? The cooperative perception system comprises multiple
types of intelligent agents, such as vehicles and infrastructure,
that contribute to environmental perception. Investigating the
contribution of different types of collaborative agents to the ego
vehicle’s perception performance is of significant importance.
In this research question, we focus on quantifying the dif-
ferences in V2I and V2V cooperative perception performance
under different fusion schemes.

RQ3. What is the relationship between cooperative
perception errors and driving violations? To assess the
potential impact of cooperative perception errors on driving
violations, we first integrate the cooperative perception system
into the ADS and run the integrated ADS in the simulator.
This setup allows us to evaluate the system’s environmental
perception performance and to identify driving violations, such
as collisions, during online testing. To investigate the correla-
tion between cooperative perception system errors and ADS
violations, we compare the number of cooperative perception
errors observed in violation scenarios and non-violation sce-
narios. For ADS violation scenarios, we further investigate the
distribution of cooperative perception errors over the entire
duration from ADS startup to the point of violation.

RQ4. Do communication issues during online opera-
tions diminish the effectiveness of the cooperative per-
ception system? During online operation, cooperative per-
ception systems are inevitably affected by real-world com-
munication interferences. Communication latency (CL) and
pose error (PE) are two typical types of such interference.
In practical scenarios, limited communication bandwidth [20]
or transmission failures [21] may introduce delays in data
exchange between participants, resulting in communication
latency. Similarly, obstacles or GPS signal interference [22]
in real-world environments can degrade the accuracy of par-
ticipants’ positioning information, leading to pose errors. In
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this study, we investigate whether the performance of ADS
equipped with cooperative perception capabilities is impacted
by these two common forms of communication interference.

B. Datasets and Platform

To address RQ1, we employ the widely adopted OPV2V
dataset [11], which has been extensively used in heterogeneous
cooperative perception research. OPV2V is a large-scale, pub-
licly available simulated dataset designed for V2V perception.
It comprises over 70 diverse scenarios, 11,464 frames, and
232,913 annotated 3D vehicle bounding boxes, collected from
eight towns in the CARLA simulator [23] as well as a digital
reconstruction of Culver City, Los Angeles. For RQ2, we
require a dataset that encompasses both cooperative vehicles
and cooperative infrastructure within cooperative driving sce-
narios. We employ the V2XSet dataset [21] collected from
CARLA, an open dataset for V2X cooperative perception
that incorporates both cooperative vehicles and infrastructure
across its training and testing scenarios. For RQ3 and RQ4,
we use the CARLA-based testing platform V2Xverse [24],
a comprehensive simulation environment for online collabo-
rative autonomous driving. V2Xverse provides an end-to-end
pipeline that includes a multi-agent driving dataset generation
scheme and a codebase for deploying a full-stack cooperative
driving system. Specifically, it supports constructing cooper-
ative perception scenarios by adding connected vehicles and
roadside units (RSUs), equipping them with sensors (e.g.,
cameras or LiDAR), and sharing their perception information
with the ego vehicle. We evaluate the ADS equipped with
cooperative perception on the default 32 CARLA Town05
routes, retaining only those routes where the ADS shows no
violations under perfect perception to ensure that any observed
failures are attributable to the cooperative perception system.

C. Cooperative Perception Systems

To evaluate system performance in heterogeneous envi-
ronments, we conduct offline experiments (RQ1 & RQ2) on
six cooperative perception systems employing different fusion
schemes. These include one early fusion system, one late
fusion system, and four state-of-the-art intermediate fusion
systems (DiscoNet [25], V2X-ViT [21], AttFusion [11], F-
Cooper [26]). All cooperative perception systems implemented
LiDAR, camera, and multi-sensor (LiDAR and camera) co-
operative driving sensor configurations based on HEAL [27].
For online performance evaluation (RQ3 & RQ4), we deploy
both early and late fusion systems alongside two representative
intermediate fusion architectures (V2X-ViT and F-Cooper)
selected from our offline testing systems.

D. Implementation Details

In all experiments, we set the IoU threshold τ to 0.5,
consistent with prior research [28]. For the online testing
experiments, the cooperative agent used V2Xverse’s default
test configuration, which enables cooperative perception with
RSUs. Specifically, RSUs are strategically positioned along
the roadside in proximity to the ego vehicle. To ensure that
the ego vehicle consistently has at least one RSU available
for valid collaboration, a new RSU is deployed every five
seconds as the ego vehicle moves, positioned on the right side
of the road, 12 meters ahead of the ego vehicle. For RQ4,

the transmission delay in V2X communication varies from
500 ms to 1000 ms. To simulate pose error, we introduce
translational offsets along specific axes. To simulate pose
errors, we introduce translational offsets along the x- and y-
axes and rotational offsets around the z-axis to the cooperative
agent. The translation offsets for both the x-axis and y-axis are
set within the range of 0 to 0.6 meters, while the rotation angle
around the z-axis is varied between 0 and 0.6 degrees. We
randomly select parameters within the range for two abnormal
communication conditions. For details on the experimental
environment, please refer to the supplementary website [29].

E. Evaluation Metrics and Baseline

Evaluation Metrics. To evaluate the perception perfor-
mance of the system in cooperative 3D object detection, we
first apply the Intersection over Union (IoU) metric (Sec-
tion II-A) to identify successful detections. We then assess de-
tection performance using Average Precision (AP), a standard
evaluation metric in V2X cooperative perception research [28],
[30], which is defined as follows:

AP|R =
1

|R|
∑
r∈R

ρinterp (r)

For fair comparisons, we adopt the 11 recall positions
from the Pascal VOC benchmark [31], denoted as R11 =
{0, 0.1, 0.2, . . . , 1}. The interpolation function, ρinterp(r) =
maxr′:r′≥r ρ (r

′), is employed, where ρ(r) represents the
precision at recall r. A higher AP reflects better performance
of cooperative perception systems.

To evaluate the driving performance of the ADS equipped
with cooperative perception systems, we use the driving score
defined in the CARLA Autonomous Driving Leaderboard
1.0 [32] as the evaluation metric. Specifically, the driving
score (DS) is computed as DS = Rk × Pk, where Rk is the
percentage of the k-th route completed before the first violation
of ADS, and Pk is the corresponding infraction penalty. The
penalty rate Pk is defined as:

Pk =
∏
j∈J

p
nj

j

where pj is the penalty rate for an incident type j from a given
set of incident types J , and nj is the number of occurrences of
this type. Incident types refer to infractions, such as collisions
with other vehicles, as defined in the CARLA Autonomous
Driving Leaderboard [32].

To further evaluate the driving performance of the ADS
equipped with cooperative perception systems in greater detail,
we employ two additional metrics: collision rate (CR) and
route completion rate (RCR). The CR refers to the ratio of
the number of routes with collisions to the total number of
test routes, while the RCR refers to the average percentage of
route completion across all test routes.

Baseline. For each RQ, we introduce a baseline using a
single-agent perception system. This baseline represents the
ego vehicle performing environmental understanding indepen-
dently, without incorporating information from cooperative
agents. Specifically, in RQ1, the single-agent system employs
either LiDAR or camera sensors for perception; in RQ2, we
compare its perception performance with that of cooperative
systems using V2V and V2I communication modes. For the
online evaluations in RQ3 and RQ4, we compare the per-
formance of the cooperative perception system under both
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TABLE I: Cooperative error pattern analysis of cooperative
perception systems under heterogeneous sensor configurations.

Systems Sensor LCME LCLE LADE CCME CCLE CADE AP

Early Fusion L 0.0 0.0 0.0 0.3 0.0 1.2 0.96

Late Fusion

L 0.0 0.0 1.1 0.3 0.1 1.2 0.96

C 0.0 2.0 2.5 0.6 4.0 2.0 0.73

M 0.0 1.2 1.6 0.8 1.6 1.3 0.87

F-Cooper

L 0.0 1.0 0.3 0.3 0.4 0.9 0.87

C 0.1 1.1 0.6 2.0 4.1 0.9 0.49

M 0.0 1.1 0.8 0.8 2.5 1.1 0.68

DiscoNet

L 0.0 0.1 0.1 0.5 0.3 0.6 0.92

C 0.1 0.8 0.2 2.5 2.8 1.2 0.51

M 0.0 0.5 0.7 0.9 2.7 1.5 0.7

AttFusion

L 0.0 0.1 0.1 0.4 0.3 1.3 0.93

C 0.1 0.8 0.1 2.4 3.1 0.9 0.53

M 0.0 0.4 0.7 1.8 3.1 1.8 0.71

V2XViT

L 0.0 0.0 0.2 0.3 0.1 0.5 0.96

C 0.0 0.7 0.6 2.0 3.1 0.9 0.6

M 0.0 0.4 0.3 1.7 2.3 1.7 0.89

*Current lacks the early fusion design that leverages C and M configurations
due to the absence of methods that directly accumulate images.

Fig. 5: Average precision of the system under test under
heterogeneous sensor configurations.

normal and abnormal communication conditions against that
of a single-agent perception system.

V. RESULTS AND FINDINGS

A. RQ1.The LiDAR-based cooperation configuration exhibits
the highest perception performance.

1) Experimental Setup: To evaluate the performance of the
cooperative perception system in a heterogeneous sensor envi-
ronment, we conduct experiments using pre-trained systems
under three cooperative configurations: LiDAR-based coop-
eration (L), camera-based cooperation (C), and multimodal
sensor cooperation (M). Each pre-trained system is tested using
the original test scenes and the default configuration of the
HEAL heterogeneous framework. We assess the prediction
performance of the three sensor configurations using the same
set of test data, collect their detection outputs, and compute
both the average number of cooperative perception errors per
test frame and the overall AP.

2) Experimental Results: Table I presents an analysis of
cooperative error patterns exhibited by cooperative perception
systems under heterogeneous sensor configurations, detailing
the average number of each error pattern per test frame.
The perception performance achieved through LiDAR-based
cooperation significantly exceeds that of the other sensor con-
figurations. Specifically, for each tested system configuration,

it outperforms multimodal sensor cooperation by an average
of 21.7% and camera-based cooperation by an average of
87.0%. Moreover, the total number of CCME and CCLE
errors in camera-based cooperative perception is substantially
higher than in LiDAR-based cooperative perception, leading
to a pronounced decline in the AP of the camera-based
configuration. Additionally, we observe that the number of
cooperative localization errors is, on average, 122.0% and
38.8% greater than the number of cooperative missing errors
and additional detection errors, respectively, across all con-
figurations. Furthermore, in most configurations, the number
of miscorrected cooperative errors exceeds that of misleading
cooperative errors. This indicates that the majority of errors
arise from the cooperative perception system’s failure to cor-
rect inaccurate or incomplete information initially predicted by
the ego vehicle. Figure 5 presents AP of the system under test
under heterogeneous sensor configurations. When using the
same type of sensors (LiDAR or camera), cooperative percep-
tion systems perform better than the single-agent system. Mul-
timodal sensor cooperation outperforms camera-based single-
agent perception, while its performance relative to LiDAR-
based single-agent perception depends on the specific model
architecture. To realize optimal cooperative perception, it is
essential to appropriately configure sensor setups and select
model architectures suited to heterogeneous environments.

Answer to RQ1: Compared to camera-based cooperation
and multimodal sensor cooperation, using LiDAR for all
cooperative agents yields superior performance. Addition-
ally, we find that CCME and CCLE could be the primary
factors contributing to the reduction in AP of the other two
sensor configurations (C and M).

B. RQ2. V2I and V2V communication exhibit distinct cooper-
ative perception performance under different fusion schemes.

1) Experimental Setup: To investigate differences in coop-
erative perception performance between V2V and V2I cooper-
ation modes, we select cooperative vehicles and infrastructure
to collaborate with the ego vehicle. To ensure a fair evaluation
of the roles of cooperative vehicles and infrastructure, we
randomly select a cooperative agent for each cooperation mode
in each scenario. In addition, to eliminate the influence of
sensor heterogeneity, all cooperative agents are equipped with
the same type of sensor during the experiment. Specifically,
we conduct experiments using configurations for LiDAR-
based cooperation under the original test set. We further
statistically analyze the effect of different types of cooperative
agents on the cooperation of the ego vehicle at different dis-
tances. Specifically, we divide the detection targets into three
ranges (refer to [30], [33]) according to the distance relative
to the ego vehicle, including 0-30m (Short), 30-50m (Middle),
and 50-100m (Long). Then we calculate the cooperative error
numbers at each level and AP values.

2) Experimental Results: Figure 6 shows the AP under
different cooperation modes. It demonstrates that V2V out-
performs V2I under intermediate and late fusion, whereas
V2I outperforms V2V under early fusion. Both V2V and V2I
surpass single-agent perception, confirming their effectiveness
in enhancing perception performance. Figure 7 illustrates the
total cooperative perception error number of the system at
varying distances under various cooperation modes. We find
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Fig. 6: Average precision of the system under test under
different cooperation modes.
that the number of cooperative perception errors increases with
distance, indicating that the greater the distance between the
ego vehicle and the target obstacle, the lower the cooperative
perception performance of both the cooperative vehicle and the
cooperative infrastructure. For the complete analysis results of
six cooperative perception error patterns, please refer to the
supplementary website [29].

Answer to RQ2: Given the same number of cooper-
ative agents, cooperative vehicles demonstrate superior
perception performance under intermediate and late fusion
schemes, whereas cooperative infrastructure performs bet-
ter under the early fusion mechanism.

C. RQ3. Increased cooperative perception errors may result
in a higher frequency of driving violations.

1) Experimental Setup: To evaluate the relationship be-
tween cooperative perception errors and driving violations
during online operation, we connect the ADS equipped with
the V2X cooperative perception to a simulator for testing. Each
cooperative perception system is evaluated on the V2XVerse
online testing platform using the selected routes described
above in Section IV-B. Because autonomous driving accidents
caused by perception systems are often precipitated by a
sequence of erroneous perceptions within a short time window
preceding a collision, and following the similar methodology
of prior study [34], we focus our analysis on the final scene
segment associated with each accident. During each route test,
we record the following: (1) the number of six predefined
errors of the cooperative perception system within the last 10
seconds of the scenario, and (2) whether a violation occurred
(i.e., collision with a non-player character (NPC), off-road, or
route incomplete). Then we calculate the driving score (DS),
collision rate (CR), and average route completion rate (RCR)
for all routes.

To further investigate the distribution of perception errors
over the entire duration from the initiation of the ADS to
the occurrence of a violation, we divide this period into
consecutive 5-second intervals. Specifically, we record the
number of errors occurring in the 0–5 seconds preceding the
violation (denoted as t3), the number of errors in the 5–10
seconds prior to the violation (denoted as t2), and the average
number of errors in all earlier intervals beyond 10 seconds
before the violation (denoted as t1).

Finally, to quantify the independent effects of different
types of cooperative perception errors on driving violations,
we employ a multivariable logistic regression model [35],
which is commonly used in software engineering to evaluate
the impact of predictors through p-values and odds ratios

Fig. 7: The cooperative perception error number of the system
at varying distances under V2V and V2I cooperation.

(ORs). Specifically, for each type of cooperative perception
error, the null hypothesis assumed no association between the
number of errors and the likelihood of a violation. Associations
are considered statistically significant when the p-value is
below the predefined threshold of 0.05. The OR represents
the ratio of the probability of a violation to the probability of
it not occurring, and it quantifies the change in violation odds
associated with each additional error occurrence.

2) Experimental Results: Table II presents the driving per-
formance of ADS equipped with different perception systems
under normal communication conditions. The results indicate
that all systems exhibit cooperative perception errors that lead
to violations during online operation, with the V2XViT system
achieving the highest overall driving score. Figure 8 shows
the AP of the system under test along the driving route. As
shown in Table II and Figure 8, under normal communication
conditions, the cooperative perception system outperforms the
single-agent perception system in terms of overall perfor-
mance. Table III further provides an analysis of cooperative
error patterns exhibited by the cooperative perception sys-
tems during route execution. The experimental results reveal
that scenarios involving driving violations exhibit, on aver-
age, 15.4% lower perception performance compared to non-
violation scenarios, and the number of cooperative perception
errors increases. To further investigate the underlying causes
of these violations, the distribution of cooperative perception
errors over the entire period from ADS initialization to the
occurrence of a violation is provided on the supplementary
website [29]. The results show that the frequency of cooper-
ative perception errors increases as the time of the violation
approaches, with particularly notable increases in CCME and
CCLE. Furthermore, statistical analysis reveals that only CCLE
is statistically significant (p = 0.047) under normal driving
conditions, with an OR of 1.019, indicating a 1.9% increase
in the odds of violations for each additional CCLE error.

Answer to RQ3: Cooperative perception errors resulting
from imperfect cooperative perception may lead to ADS
violations. As the number of cooperative perception errors
increases, the likelihood of violations also rises, with
CCLE as a major contributor to driving violations.

D. RQ4. Cooperative perception systems are not robust
against communication interference when running online.

1) Experimental Setup: To investigate whether the driving
performance of ADS equipped with the cooperative perception
system is affected by common communication interferences,
we introduce communication latency (CL) and pose error (PE)
to the cooperative agents. Specifically, we utilize the test
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TABLE II: Driving performance of ADS equipped with differ-
ent perception systems under normal and abnormal communi-
cation conditions.

Systems Type DS CR RCR

Early Fusion

Normal 77.1 26.3 79.4

CL 72.9 31.6 76.2

PE 64.2 42.1 69.0

Late Fusion

Normal 78.9 26.3 88.0

CL 71.2 36.8 83.0

PE 74.3 31.6 83.7

F-Cooper

Normal 75.9 31.6 81.7

CL 71.2 31.6 76.8

PE 62.5 42.1 70.6

V2XViT

Normal 81.0 26.3 87.9

CL 65.1 42.1 76.0

PE 77.2 26.3 84.8

Single Agent Normal 69.1 36.8 74.7

*Single-agent perception remains unaffected by CL and PE.

Fig. 8: Average precision of the system under test along the
driving route.

routes from RQ3, introduce two types of communication
issues into these routes, and simulate them randomly within a
predefined parameter range. In the experiment, we record the
same information as in RQ3 (i.e., the number of cooperative
perception errors and whether a violation occurred) for each
test route. Based on this information, we then calculate the
AP, DS, CR, and RCR. Similar to RQ3, to quantify the impact
of different types of cooperative perception errors on driving
violations under abnormal communication conditions, we use
the multivariate logistic regression model [35] for statistical
analysis. Finally, to provide a more intuitive understanding,
we select two representative collision cases attributable to
communication latency and pose error for visualization.

2) Experimental Results: Table II presents the driving
performance of ADS equipped with different cooperative per-
ception systems under CL and PE. Compared to normal driving
conditions, CL resulted in a 10.3% decrease in driving score
and a 6.3% decrease in route completion rate, while the col-
lision rate increased by 7.9%. Similarly, under PE conditions,
the driving score and route completion rate decreased by 11.2%
and 7.2%, respectively, and the collision rate increased by
7.9%. Figure 8 shows the average precision of the system under
CL and PE. As shown in Table II and Figure 8, under abnormal
communication conditions, such as CL and PE, the perception
accuracy and driving performance of certain cooperative per-
ception systems may even fall below that of a single agent.
Table IV shows an analysis of online error patterns of co-
operative perception systems under abnormal communication
conditions. From the table, we can conclude that the perception
performance of the cooperative perception system is signifi-

TABLE III: Online cooperative error pattern analysis of coop-
erative perception systems during route execution.

Systems Type LCME LCLE LADE CCME CCLE CADE AP

Early Fusion
Vio. 2.8 4.0 22.6 78.6 29.8 15.0 0.50

No Vio. 2.3 2.3 14.4 51.9 26.6 6.5 0.56

Late Fusion
Vio. 0.3 0.5 13.5 53.3 37.2 24.5 0.51

No Vio. 0.1 0.2 13.5 37.5 11.6 16.0 0.61

F-Cooper
Vio. 1.3 3.2 27.8 54.3 55.8 38.8 0.44

No Vio. 0.7 0.8 12.1 51.4 27.1 25.8 0.56

V2XViT
Vio. 1.6 10.8 18.4 95.4 63.4 14.0 0.47

No Vio. 0.6 3.9 13.1 63.9 20.1 10.1 0.54

cantly reduced under the conditions of communication delay
and pose error, and the number of most cooperative perception
errors increases significantly. Communication latency tends to
result in more cooperative missing errors, while pose errors are
more likely to cause increased cooperative localization errors.
Furthermore, our statistical analysis reveals that under the
CL condition, three types of errors exhibit significant effects:
LCLE (p = 0.024, OR = 1.137), CCME (p = 0.023, OR
= 1.015), and CADE (p = 0.016, OR = 1.037). Under the
PE condition, LCLE emerges as the most critical predictor
(p = 0.014, OR = 1.169), corresponding to a 16.9% increase
in violation odds. These findings demonstrate that LCLE errors
are the primary contributors to elevated violation rates under
both CL and PE conditions. This can be attributed to the
fact that abnormal communication conditions may transmit
delayed or inconsistent information to the ego vehicle, thereby
impairing its perception accuracy.

Figure 9 presents visualization samples illustrating rep-
resentative collision cases caused by communication latency
and pose errors. time0 represents the initial timestamp of
the scenario, while time1 and time2 denote timestamps cor-
responding to different moments during the scenario’s ex-
ecution under varying communication conditions. The first
scenario (top row of Figure 9) involves a vehicle approaching
from a distance and crossing an intersection. Under normal
communication conditions, the ADS equipped with a coop-
erative perception system successfully detects the vehicle and
decelerates accordingly. However, under communication delay,
the system experiences a CCME, causing the ADS to fail
to slow down and subsequently collide with the vehicle. The
second scenario (second row of Figure 9) involves an occluded
pedestrian crossing the road. Under normal communication
conditions, the ADS equipped with a cooperative perception
system detects the pedestrian in advance and stops to yield.
However, in scenarios involving pose errors, the system en-
counters a LCLE and misjudges the pedestrian’s position,
causing the ADS to fail to decelerate in time and ultimately
resulting in a collision. These two representative scenarios
highlight the lack of robustness of V2X cooperative perception
systems under abnormal communication conditions.

Answer to RQ4: Abnormal communication conditions
(such as communication latency and pose error) can under-
mine the performance of the cooperative perception system
and significantly increase the frequency of ADS violations.
Under CL conditions, LCLE, CCME, and CADE are the
primary contributors to driving violations, whereas under
PE conditions, LCLE emerges as the dominant factor.
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TABLE IV: Analysis of online error patterns of cooperative perception systems under abnormal communication conditions.

Systems Type
Communication Latency Pose Error

LCME LCLE LADE CCME CCLE CADE AP LCME LCLE LADE CCME CCLE CADE AP

Early Fusion
Vio. 21.7 12.2 84.0 122.7 39.5 11.8 0.32 7.5 11.8 61.8 109.5 37.3 16.6 0.36

No Vio. 6.6 1.5 42.7 69.1 26.3 5.9 0.45 4.9 5.3 40.0 61.0 36.0 7.6 0.45

Late Fusion
Vio. 0.1 1.3 47.8 92.0 30.8 34.4 0.38 0.0 3.1 29.1 67.7 57.1 19.6 0.45

No Vio. 0.0 0.0 24.5 27.3 11.0 11.2 0.52 0.0 0.8 27.0 38.8 18.3 15.2 0.57

F-Cooper
Vio. 17.1 7.9 40.0 87.9 37.6 47.4 0.38 7.0 10.3 37.7 76.3 61.0 42.9 0.37

No Vio. 10.7 2.6 33.3 59.8 45.9 31.8 0.40 7.0 3.9 17.4 45.0 56.6 28.9 0.43

V2XViT
Vio. 6.7 9.1 49.0 131.9 34.2 11.3 0.41 2.5 14.7 31.7 120.8 61.2 15.2 0.34

No Vio. 1.6 4.7 36.9 72.7 17.3 8.5 0.46 2.5 4.0 21.5 62.1 18.4 9.7 0.49
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(c) time2(Normal)
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(d) time1(CL)

Collision!

(e) time2(CL)
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(f) time0

Detected

(g) time1(Normal)

Safe!

(h) time1(Normal)

LCLE

(i) time2(PE)

Collision!

(j) time2(PE)
Fig. 9: Visualization samples showing representative collision cases attributable to communication latency and pose error.

VI. DISCUSSION

Based on the findings from RQ1–RQ4, existing coop-
erative perception systems require further improvement for
practical use. First, such systems must operate in heteroge-
neous environments, where sensor configurations often pri-
oritize LiDAR over cameras due to LiDAR’s superior depth
perception capabilities (as point clouds inherently contain
spatial information). Multimodal sensor fusion designs must
balance cost-effectiveness and communication efficiency. In
addition, V2V cooperation generally outperforms V2I under
intermediate and late fusion, likely because infrastructure-
mounted sensors capture a bird’s-eye view that is harder to fuse
with ego vehicle features. Conversely, V2I cooperation shows
superior performance in early fusion, potentially due to the
infrastructure being equipped with higher resolution sensors.
Considering that in the real world, the ego vehicle continu-
ously interacts with diverse heterogeneous agents, cooperative
perception systems should adapt to such conditions to ensure
robust and reliable cooperative perception.

When an ADS equipped with a cooperative perception
system operates online, communication delays and pose errors
may further exacerbate ADS violations. In the real world, these
two types of errors are prevalent. Even well-calibrated and syn-
chronized sensors may still be inaccurate due to changes in the
external environment. In order to deploy reliable cooperative
perception systems, developers must carefully handle agent
synchronization and calibration issues and design cooperative
perception systems that can remain reliable in the face of
abnormal communications.

We systematically summarize the error patterns of coop-
erative perception systems and find that a substantial number
of cooperative perception errors occur during both offline and

online operation. The data-driven nature makes it challenging
to train a robust cooperative perception system that satisfies
safety and reliability requirements under all conditions. Con-
sequently, cooperative perception system development must
prioritize cooperative perception error mitigation in design and
training processes.

Future Directions. Based on these insights, we summarize the
following future directions:
• Cooperative perception systems should adapt to heteroge-

neous environments, where variations in varying sensor
types and cooperative agent configurations could lead to
inconsistent performance. Therefore, the ongoing devel-
opment of systems adapting to heterogeneous environ-
ments, coupled with the establishment of appropriate
testing and optimization platforms, is essential.

• There is an urgent need for techniques to continuously
enhance the robustness and reliability of V2X cooperative
perception systems. Given that V2X involves multiple
critical components, robustness assurance should en-
compass both offline and online aspects, including
offline fault localization and repair, as well as monitor-
ing under abnormal communications and perception
during system online operation.

• Cooperative perception systems should not perform worse
than ego vehicle perception. However, our study systemat-
ically reveals the presence of cooperative perception error
patterns, which can degrade system perception and even
lead to driving accidents. Designing efficient automated
testing methodologies based on these patterns to detect
and mitigate such cooperation errors represents a
promising direction for future research.

Threats to Validity. In terms of construct validity, a potential

1177



threat arises from the classification of cooperative perception
errors. Although this paper identifies six error patterns from
the perspective of how cooperation influences the ego vehicle’s
perception in the cooperative object detection task, alternative
definitions of error patterns may exist under different view-
points or cooperative perception tasks. Nevertheless, within the
scope of this study, our classification is regarded as a complete
and representative characterization of cooperative perception
errors. In terms of internal validity, one of the primary threats
is to conduct evaluations in a simulated environment. Simu-
lated driving scenarios may differ both visually and physically
from real-world environments due to the inherent gap between
simulation-based testing and testing in the physical world. To
alleviate this threat, we use the popular high-fidelity CARLA
simulator to collect offline data or simulate online simulation
scenarios, and we conduct multiple repeated experiments to
ensure the reproducibility of our results. In terms of external
validity, a potential threat is that our results may not generalize
to other cooperative perception systems, datasets, or coopera-
tion modes. To mitigate this threat, we try our best to collect
a diverse set of cooperative perception systems with varying
system structures and fusion schemes, and adopt two represen-
tative cooperation modes (V2V and V2I). We then evaluate
them using widely adopted datasets with rich scenarios and
diverse test routes across a variety of testing settings to ensure
comprehensive assessment. Another potential threat lies in our
task choice, as this study mainly focuses on cooperative object
detection. Nevertheless, as one of the most representative
tasks in current research on cooperative perception, cooperative
object detection provides the most direct and critical input for
downstream autonomous driving tasks, such as object tracking
and motion planning. In future work, we plan to extend our
classification approach to other cooperative perception tasks.

VII. RELATED WORKS

V2X Cooperative Perception. Cooperative perception sys-
tems facilitate the exchange of perception data among agents,
thereby enabling each agent to achieve more comprehensive
and accurate situational awareness. In this context, early fusion
techniques involve the transmission of raw sensor data [36],
whereas late fusion techniques transmit processed perception
outputs [11]. To balance computational performance and band-
width efficiency, recent studies have investigated intermediate
feature transmission [37]. The first intermediate cooperative
framework F-Cooper [26] balances bandwidth constraints and
detection accuracy by using max pooling for V2V voxel
feature fusion. To consider the potential relationships between
multiple agents, several graph-based fusion approaches have
been proposed [20], [25], [38]. For instance, V2VNet [20]
leverages a spatial-aware graph neural network to model the
communication among agents. In addition to graph learning,
attention mechanisms have emerged as a powerful tool for
exploring feature relationships [21], [39]–[42]. V2X-ViT [21]
proposes a multi-scale window attention module to capture
long-range spatial interaction on high-resolution detection.
Recent studies have also focused on developing cooperative
perception systems that remain robust under communication
interruptions [43] and lossy transmission conditions [44]. How-
ever, current literature lacks investigation into how heteroge-
neous sensor configurations and varying cooperative agents
affect the performance of cooperative perception systems, nor

have such systems been empirically tested through online
deployment.

Autonomous Driving Perception System Testing. Safety is a
critical priority in the development of ADSs, and various ap-
proaches, such as data-driven [45]–[47] and search-based [48]–
[52] methods, have been proposed to test their safety. The
perception system in an ADS serves as a key component
in real-world applications, and rigorous testing is required to
ensure the reliability of the overall system [3]. Various studies
have focused on testing single-agent perception systems across
various driving tasks [53]–[55]. To evaluate camera-based per-
ception systems, a representative study [53] generates data by
incorporating object instances into background images. Several
studies also test LiDAR-based perception systems [54], [55].
Christian et al. [55] propose testing LiDAR systems by intro-
ducing semantic mutations to real-world data for the semantic
segmentation task. Recently, due to the rapid development
of V2X communication technology, some researchers have
focused on the testing of cooperative perception systems [28],
[56], [57]. Li et al. [56] focus on investigating the impact of
variations and disturbances in the communication range on
safety and potential hazards. Guo et al. pioneered CooTest
[28], a framework for evaluating cooperative perception ro-
bustness under extreme conditions such as communication
interference and adverse weather. CooTest [28], the most
related work, lacks a comprehensive analysis of cooperative
perception errors, is limited to LiDAR-based V2V cooperation,
and operates offline. In contrast, this paper analyzes error
patterns in depth, considers heterogeneous sensors (LiDAR and
camera) and diverse cooperative agents (V2V and V2I), and
is the first to evaluate cooperative perception performance in
the online deployment.

VIII. CONCLUSION

This paper presents an empirical study of V2X cooper-
ative perception aimed at understanding the limitations and
potential risks of cooperative perception systems in real-world
applications. To achieve this, we conduct a comprehensive
analysis of error patterns and perform large-scale performance
evaluations for multiple critical components of cooperative
perception systems. First, we evaluate the performance differ-
ences of cooperative perception systems across diverse sensor
types and cooperative agent configurations in heterogeneous
environments. Additionally, we evaluate the cooperative per-
ception systems online across 32 test routes, assessing their
performance under both normal and abnormal communication
conditions, including communication latency and pose errors.
Our findings reveal potential vulnerabilities in key components
of cooperative perception systems. Finally, we outline several
promising directions for future research to develop more
reliable and robust V2X cooperative perception systems.
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[3] Y. Li and J. Ibañez-Guzmán, “Lidar for autonomous driving: The
principles, challenges, and trends for automotive lidar and perception
systems,” IEEE Signal Process. Mag., vol. 37, no. 4, pp. 50–61, 2020.
[Online]. Available: https://doi.org/10.1109/MSP.2020.2973615

[4] “Waymo is way, way ahead on testing miles—that might not be a
good thing,” 2020. [Online]. Available: https://arstechnica.com/cars/2
020/01/waymo-is-way-way-ahead-on-testing-miles-that-might-not-be
-a-good-thing/

[5] “U.s. probing fatal tesla crash that killed pedestrian,” 2021. [Online].
Available: https://www.reuters.com/business/autos-transportation/us-p
robing-fatal-tesla-crash-that-killed-pedestrian-2021-09-03/

[6] “U.s. agency probes tesla crashes that killed 2 motorcyclists,” 2022.
[Online]. Available: https://www.cbsnews.com/news/tesla-crashes-kille
d-2-motorcyclists-autopilot-nhtsa/

[7] S. Hu, Z. Fang, Y. Deng, X. Chen, and Y. Fang, “Collaborative
perception for connected and autonomous driving: Challenges, possible
solutions and opportunities,” CoRR, vol. abs/2401.01544, 2024.
[Online]. Available: https://doi.org/10.48550/arXiv.2401.01544

[8] V. Usinskis, M. Makulavicius, S. Petkevicius, A. Dzedzickis, and
V. Bucinskas, “Towards autonomous driving: Technologies and data
for vehicles-to-everything communication,” Sensors, vol. 24, no. 11, p.
3411, 2024. [Online]. Available: https://doi.org/10.3390/s24113411

[9] “Astri and baidu apollo collaborate to promote the implementation of
c-v2x technology in hong kong,” https://www.astri.org/news-detail/astr
i-and-baidu-apollo-collaborate-to-promote-the-implementation-of-c-
v2x-technology-in-hong-kong/, 2023.

[10] “V2v and v2x technology paves the way for autonomous driving,” https:
//www.assemblymag.com/articles/98013-v2v-and-v2x-technology-pa
ves-the-way-for-autonomous-driving, 2023.

[11] R. Xu, H. Xiang, X. Xia, X. Han, J. Li, and J. Ma, “Opv2v: An open
benchmark dataset and fusion pipeline for perception with vehicle-to-
vehicle communication,” in 2022 International Conference on Robotics
and Automation (ICRA). IEEE, 2022, pp. 2583–2589.

[12] L. Hobert, A. Festag, I. Llatser, L. Altomare, F. Visintainer, and
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