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Background
C-V2X

C-V2X utilizes existing cellular networks and the 5.9GHz frequency band, which
is also used by the DSRC standard, allowing for comprehensive vehicle-to-
network (V2N) communication alongside vehicle-to-vehicle (V2V), vehicle-to-
infrastructure (V2I), and vehicle-to-pedestrian (V2P) communications.

C-V2X employs both direct (PC5/sidelink) and indirect (Uu/network) commu-
nication methods.
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Figure 1: Types of V2X communication
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Background

C-V2X Evolution
C-V2X, standardized in 2017, is defined by 3GPP standards (LTE-V2X: Release
14, 15; NR-V2X: Release 16, 17, 18, 19) and continues to evolve. Rel-19 is
nearing its freeze point.

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4

LTE-V2X
Study

RAN#68
LTE-V2X

Rel-14 
LTE-V2V

Project

RAN#70 Initiated

Rel-14 V2X 
Project

RAN#72
Rel-15 
Project

RAN#75
NR-V2X
Project

RAN#80
NR-V2X

Rel-16 Project

RAN#83

Rel-17 Project

RAN#88e

Rel-18 Project

LTE-V2X NR-V2X

C-V2X Evolution

Rel-19 Project

Figure 2: 3GPP C-V2X standard evolution timeline

Zheng Xue (GDUT) Resource Scheduling for Cooperative Perception and Computing in IoV 9 November 2025 4 / 31



Background
C-V2X-Based Cooperative Perception

Green/red boxes denote ground truths and predictions; yellow/blue ellipses mark
occluded and distant regions, addressing occlusion and long-range perception.
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Collaborative Perception in Autonomous Driving:
Methods, Datasets and Challenges

Yushan Han, Hui Zhang, Member, IEEE, Huifang Li,
Yi Jin, Member, IEEE, Congyan Lang, Yidong LiB, Senior Member, IEEE

Abstract—Collaborative perception is essential to address oc-
clusion and sensor failure issues in autonomous driving. In recent
years, theoretical and experimental investigations of novel works
for collaborative perception have increased tremendously. So far,
however, few reviews have focused on systematical collaboration
modules and large-scale collaborative perception datasets. This
work reviews recent achievements in this field to bridge this gap
and motivate future research. We start with a brief overview of
collaboration schemes. After that, we systematically summarize
the collaborative perception methods for ideal scenarios and
real-world issues. The former focuses on collaboration modules
and efficiency, and the latter is devoted to addressing the
problems in actual application. Furthermore, we present large-
scale public datasets and summarize quantitative results on these
benchmarks. Finally, we highlight gaps and overlook challenges
between current academic research and real-world applications.

Index Terms—Collaborative perception, V2V communication,
autonomous driving, deep learning.

I. INTRODUCTION

AUTONOMOUS driving is a prominent technology in
research and commercial vehicles [55, 57, 91]. From

a broad perspective, an autonomous driving system contains
perception, planning and control modules [63]. The perception
module utilizes sensors to continuously scan and monitor the
surroundings, which is vital for autonomous vehicles (AV) to
understand environments. AV perception can be divided into
individual perception and collaborative perception. Although
individual perception has made significant progress with the
development of deep learning [34, 36, 69, 86, 88, 89], some
problems limit its development. Firstly, individual perception
often encounters occlusion when perceiving a relatively com-
prehensive environment. Secondly, onboard sensors have phys-
ical limitations in sensing distant objects. Furthermore, sensor
noise degrades the performance of the perception system.

To compensate for deficiencies in individual perception,
collaborative or cooperative perception, which exploits the
interaction among multiple agents, has received considerable
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(a) Individual Perception

(b) Collaborative Perception

Ego AV
AV

Infra

Ego AV

Occluded area to ego Distant area to ego

Fig. 1. An example of (a) individual perception and (b) collaborative
perception in autonomous driving. Left: Screenshot of one autonomous driving
scenario. Right: Point cloud schematic. The green and red bounding boxes
represent ground truths and predictions respectively. The yellow and blue
ellipses represent occluded and distant areas of the ego vehicle. Ego AV: ego
autonomous vehicle, AV: other autonomous vehicles, Infra: infrastructures.

attention. Collaborative perception is a multi-agent system [16]
in which agents share perceptual information to overcome
visual limitations in ego AV. As shown in Fig. 1, in an
individual perception scenario, the ego AV only detects a part
of nearby objects for occlusion and sparse point clouds in
distant areas. In a collaborative perception scenario, the ego
AV expands the field of view by receiving information from
other agents. Through this collaboration way, the ego AV not
only detects distant and occluded objects but also improves
the detection accuracy in dense areas.

Collaborative perception has been in the spotlight for a long
time. Previous works [28, 48, 49, 80, 92] have focused on
building collaborative perception systems to evaluate the fea-
sibility of this technology. However, it has not been effectively
advanced due to the lack of large public datasets. In recent
years, there has been a surge in interest and research with the
development of deep learning and the public of large-scale
collaborative perception datasets [37, 79, 82]. Considering
bandwidth constraints in communication, most researchers
[26, 38, 68] are devoted to designing novel collaboration mod-
ules to achieve a trade-off between accuracy and bandwidth.
However, the above works assume a perfect collaborative
scenario. To alleviate some issues in practical autonomous
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Figure 3: An example of (a) individual perception and (b) collaborative perception in
autonomous driving.
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Background
Cooperative Perception

(a) shows individual perception without collaboration.

(b-d) illustrate three cooperative perception paradigms: early (raw data fusion),
intermediate (feature fusion), and late (result fusion).IEEE INTELLIGENT TRANSPORTATION SYSTEMS MAGAZINE, VOL. XX, NO. XX, XXX 2023 3
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Fig. 3. The collaboration scheme in the collaborative perception system. (a) shows the framework of individual perception or no collaboration. (b-d) demonstrate
three general frameworks of collaborative perception in autonomous driving. Early collaboration (b) transmits and fuses raw data at the input of the perception
network, intermediate collaboration (c) aggregates features, and late collaboration (d) merges outputs directly.

high data bandwidth, which makes it challenging to achieve
real-time edge computing.

B. Intermediate Collaboration

Considering the high bandwidth of early collaboration, some
works propose intermediate collaborative perception methods
to balance the performance-bandwidth trade-off. In intermedi-
ate collaboration (Fig. 3 (c)), other agents usually transfer deep
semantic features to the ego vehicle. The ego vehicle fuses
features to make the ultimate prediction. Intermediate collabo-
ration has become the most popular multi-agent collaborative
perception choice for flexibility. However, feature extraction
often causes information loss and unnecessary information
redundancy, which motivates people to explore suitable feature
selection and fusion strategies.

C. Late Collaboration

Late or object-level collaboration employs the prediction
fusion at the network output, as shown in Fig. 3 (d). Each
agent trains the network individually and shares outputs with
each other. The ego vehicle spatially transforms the outputs
and merges all outputs after postprocessing. Late collaboration
is more bandwidth-economic and simpler than early and in-
termediate collaboration. However, the late collaboration also
has limitations. Since individual output could be noisy and
incomplete, late collaboration always has the worst perception
performance.

III. COLLABORATIVE PERCEPTION METHODS

Many collaborative perception methods have emerged re-
cently. Since these methods are based on different frameworks
and objectives, it’s urgent to establish a systematic taxonomy
to help readers understand this field. To this end, this section
reviews recent collaborative perception approaches systemat-
ically. Specifically, we review collaborative perception from
the aspect of methods for ideal autonomous driving scenarios
(Sec. III-A), and for issues in real applications along with
their solutions (Sec. III-B). The former pays attention to col-
laboration efficiency and performance, while the latter focuses
more on collaboration robustness and safety. The reviewed
methods involve V2V (vehicle-to-vehicle), V2I (vehicle-to-
infrastructure) and V2X (vehicle-to-everything) modes, and
detailed summaries of recent progress are provided in Tab.
I and Tab. II.

A. Methods for Ideal Scenarios

In collaborative perception systems, researchers usually
design corresponding collaboration modules at different net-
work stages to improve collaborative efficiency and perception
performance. Generally, three collaboration schemes require
basic collaboration modules to aggregate multi-agent obser-
vations, such as raw data fusion at the input stage (early
collaboration), feature fusion at the feature processing stage
(intermediate collaboration), and output fusion at the output
stage (late collaboration). Furthermore, some works establish

Figure 4: The collaboration scheme in the collaborative perception system.
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Joint Service Caching and Computation Offloading Scheme
System Model

A generic vehicular network scenario consisting of moving vehicles, edge pools,
and the cloud, where edge servers are interconnected and vehicles dynamically
request task computation.

Different service program caches dictate task offloading to specific computing
nodes, categorized into six types.

Service A B C D E ...Service A B C D E ...

Edge pool

Task offloading Service caching

Service program

Caching resource

Computing resource

Edge cooperative offloading

Energy

Figure 5: System illustration.
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Figure 6: Flowchart of task offloading
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Joint Service Caching and Computation Offloading Scheme
Service Caching and Task Offloading Model

The caching cases correspond to the examples in the task offloading flowchart.

Cases 1, 3, 5, and 6 do not require offloading ratio decisions.

Cases 2 and 4 require offloading ratio decisions.

The agent needs to make reasonable caching and offloading decisions.

Cases for caching
Task offloading ratio

Task execution
in vehicle

Task execution in
the nearest edge

Task execution
in edge pool

Task execution
in cloud

Case 1
cVv,k(t) = 1, cEe,k(t) = 0,
∑NE

i=1,i 6=e c
E
i,k(t) ≥ 0

1− oVv,k(t) = 1 oVv,k(t) = 0 0 0

Case 2
cVv,k(t) = 1, cEe,k(t) = 1,
∑NE

i=1,i 6=e c
E
i,k(t) ≥ 0

1− oVv,k(t) oVv,k(t) 0 0

Case 3
cVv,k(t) = 0, cEe,k(t) = 1,
∑NE

i=1,i 6=e c
E
i,k(t) = 0

1− oVv,k(t) = 0 oVv,k(t)(1− oEe,k(t)) = 1 oVv,k(t)o
E
e,k(t) = 0 0

Case 4
cVv,k(t) = 0, cEe,k(t) = 1,
∑NE

i=1,i 6=e c
E
i,k(t) > 0

1− oVv,k(t) = 0 oVv,k(t)(1− oEe,k(t)) oVv,k(t)o
E
e,k(t) 0

Case 5
cVv,k(t) = 0, cEe,k(t) = 0,
∑NE

i=1,i 6=e c
E
i,k(t) > 0

1− oVv,k(t) = 0 oVv,k(t)(1− oEe,k(t)) = 0 oVv,k(t)o
E
e,k(t) = 1 0

Case 6
cVv,k(t) = 0, cEi,k(t) = 0,
∑NE

i=1,i 6=e c
E
e,k(t) = 0

0 0 0 1

Figure 7: Task offloading ratio of different caching cases
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Joint Service Caching and Computation Offloading Scheme
Computation Delay

Local task execution delay
T local

v,e,k(t) = cV
v,k(t)(1 − oV

v,k(t))
λdk

f V .

Delay of task computation at edge nodes
T edge

v,e,k(t) = cE
e,k(t)oV

v,k(t)(1 − oE
e,k(t))

λdk

f E .

Transmission delay for uploading tasks to the edge pool

T uppool
v,e,k (t) = (1 − cV

v,k(t))φ(

NE∑
i=1,i ̸=e

cE
e,k(t))oV

v,k(t)oE
e,k(t)

dk

Redge
.

Processing delay of task k requested by vehicle v within the range of edge node
e during time slot t:

T total
v,e,k(t) =max {T local

v,e,k(t),T up
v,e,k(t) + max {T edge

v,e,k(t),T
uppool
v,e,k (t) + T pool

v,e,k(t)}}

+ (1 − cV
v,k(t))(1 −φ(

NE∑
e=1

cE
e,k(t)))(

dk

Rv,e(t)
+

dk

Rcloud
),

Average task processing delay during time slot t:

Td(t) =
1

NE

NE∑
e=1

1
Ntask

e (t)

Ntask
e (t)∑
v=1

T total
v,e,k(t).

Zheng Xue (GDUT) Resource Scheduling for Cooperative Perception and Computing in IoV 9 November 2025 9 / 31



Joint Service Caching and Computation Offloading Scheme
Problem Formulation

The main goal of our work is to develop a joint computation offloading and
service caching scheme aimed at minimizing long-term average task processing
time.

This is a long-term MINLP problem and NP-hard.

min
{cV

v,k(t),cE
e,k(t),oV

v,k(t),oE
e,k(t)}

tend∑
t=1

γ
t−1

(
Td (t)
Tdmax

) (1)

s.t.

cV
v,k (t) ∈ {0, 1}, ∀v ∈ V , ∀k ∈ K , ∀t ∈ {1, 2, ..., tend }; (2)

cE
e,k (t) ∈ {0, 1}, ∀e ∈ E , k, t; (3)

0 ≤ oV
v,k (t) ≤ 1, ∀v, k, t; (4)

0 ≤ oE
e,k (t) ≤ 1, ∀e, k, t; (5)

0 ≤ γ ≤ 1; (6)

NK∑
k=1

cV
v,k (t)θk ≤ SV

v , ∀v, t; (7)

NK∑
k=1

cE
e,k (t)θk ≤ SE

e , ∀e, t. (8)
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Joint Service Caching and Computation Offloading Scheme
Problem Formulation Based on DRL

DRL is employed to learn vehicle demands and resource states, making dynamic
offloading and caching decisions in a discrete-time Markov Decision Process
(MDP).

State Space: Each edge node collects vehicular network information at time slot
t, forming the global state:

se(t) ={[I(t)]ρmax ×NK , [cV (t)]ρmax ×NK , [B(t)]ρmax ×NK , [γ(t)]ρmax ×NK , [cE (t)]ρmax ×NK },

st = {s1(t), s2(t), ..., sNE (t)}.

Action Space: The agent determines task offloading ratios and service caching
decisions:

ae(t) ={[cE (t)]ρmax ×NK , [oV (t)]ρmax ×NK , [oE (t)]ρmax ×NK }.

at = {a1(t), a2(t), ..., aNE (t)}.

Reward Function: The agent receives feedback based on task latency:

rt = r(st , at) = −(
Td(t)
Tdmax

).
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Joint Service Caching and Computation Offloading Scheme
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Figure 8: Framework of DDPG
algorithm

Deep Deterministic Policy Gradient Algorithm (DDPG)

Primary networks, target networks, replay
buffer.

Primary networks and target networks both
consist of actor and critic networks.
Loss function of the primary critic network:

J(θQ) =
1
N

N∑
j=1

(yj − Qµ(sj , µ(sj |θ
µ)|θQ))2.

Policy gradient of the primary actor network:

▽θµ J(θQ) =
1
N

N∑
j=1

[▽aQ(s, a|θQ)|s=sj ,a=µ(sj |θµ)

× ▽θµµ(s |θµ)|s=sj ].

Target network parameter updates:

θQ ′ ← τθQ + (1 − τ)θQ ′
,

θµ
′ ← τθµ + (1 − τ)θµ

′
,
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Joint Service Caching and Computation Offloading Scheme
Simulation Results

As vehicle density increases and more tasks are requested, the total processing
delay increases. The DDPG scheme achieves better performance.

The agent can effectively avoid making caching decisions that result in maximum
processing delays, so the DDPG scheme can reduce task processing delays.
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Figure 9: The effect of the vehicle den-
sity ρ on the total task processing de-
lay.

Figure 10: The average number of edge caching
decision cases in the period tend with ρ = 5.
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Joint Service Caching and Computation Offloading Scheme
Simulation Results

As the size of task inputs increases, and assuming constant computing capabilities
for each device, the cumulative task processing delay increases.

As the size of task inputs increases, task transmission time and energy consump-
tion increase, leading to higher cumulative energy consumption.

As edge nodes’ computing frequencies increase, their processing capabilities im-
prove, leading to reduced cumulative task processing delays, except in cloud
execution and no edge caching scenarios where delays remain unchanged due to
lack of edge computations.
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Figure 11: The total delay
versus task size with ρ = 5.
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Cooperative Perception Task Offloading Scheme
System Model

+ RoI

Figure 14: An illustration of the VEC
system model.

RoI task vehicle

ΩRoI
v = {vi ;∀vi ∈ C sensor

ego ∩CV 2V
ego ∪vego}.

RoI server vehicle
ΩRoI

server ={vj ; ∀vj /∈ ΩRoI
v ∩ CV 2V

vi ∩

CV 2V
ego , vi ∈ ΩRoI

v } ∪ {r },

System Overview
Vehicles in the RoI set collect raw sen-
sor data Iraw , process it for initial fea-
ture extraction to get Ifea, and then
use a detection model to produce ob-
ject data Iobj .
Computational resources are provided
by RoI task vehicles (fvi ) and corre-
sponding service nodes (fsj ).
Offloading Levels (xi ): Defines
whether tasks are processed fully lo-
cally, partially, or fully offloaded.
Offloading Indicator (oij): Indicates if
a task is offloaded to a specific server
node.
Resource Allocation (µij): Indicates
the percentage of server resources al-
located to tasks.
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Cooperative Perception Task Offloading Scheme
Computation Offloading Model

The overall delay for different xi :

Dvi (xi = 0) =


Irawλraw

vi
+Ifeaλ

fea
vi

fvi
, vi = vego

Irawλraw
vi

+Ifeaλ
fea
vi

fvi
+

Iobj
Rvi→ego

, vi ∈ ΩRoI
v , vi ̸= vego

Dvi (xi = 1, oij , µij) =
Irawλ

raw
vi

fvi
+

|ΩRoI
server |∑
j=1

oi,j

( Ifea

Rvi→sj
+

Ifeaλ
fea
vi

µij fsj
+

Iobj

Rsj→ego

)
,

Dvi (xi = 2, oij , µij) =
Iraw

Rvi→sj
+

|ΩRoI
server |∑
j=1

oi,j

(
Irawλ

raw
vi + Ifeaλ

fea
vi

µij fsj
+

Iobj

Rsj→ego

)
,

The transmission rate between vehicle vi and node sj :

Rvi→sj = Blog2

1 +
p|hij |

2 (√
d2

ij + (Hj − h)2)
)−α

σ2
j +

∑
vk ∈CV 2I/V 2V

sj \vi
phkj

 ,

The completion latency of RoI tasks for the ego vehicle:

DRoI
ego = max {Dvi }, vi ∈ ΩRoI

v , sj ∈ ΩRoI
server .
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Cooperative Perception Task Offloading Scheme
Problem Formulation

Our optimization problem aims to minimize the delay of RoI tasks while
considering low-delay and resource constraints.

This is a mixed-integer nonlinear programming (MINLP) problem.

minimize
{xi ,oij ,µij }

DRoI
ego (9)

subject to Dvi (xi , oij , µij) ≤ min{τtole
i , τhold

j,ego}, (10)
|ΩRoI

server |∑
j=1

oi,j = 1, vi ∈ ΩRoI
v , sj ∈ ΩRoI

server , (11)

|ΩRoI
v |∑

i=1

µij ≤ 1, vi ∈ ΩRoI
v , sj ∈ ΩRoI

server , (12)

xi ∈ {0, 1, 2}, (13)

oij ∈ {0, 1}, (14)

µij ∈ [0, 1]. (15)
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Cooperative Perception Task Offloading Scheme
Algorithm 1 Optimal Task Offloading and Resource Alloca-
tion

Input: The initial parameters: ΩRoI
v , ΩRoI

server, fvi
, frj ,

RV 2V ,RV 2I , τ tolei .
Output: Task offloading decision X∗, O∗ and resource

allocation U∗.
1: /*Exhaustive algorithm*/
2: Exhaust all possible solutions for X,O with complexity

M = (1 + 2
∣∣ΩRoI

server

∣∣)|ΩRoI
v |.

3: for m = 1, 2, ...M do
4: /*Feasibility check*/
5: for i = 1 to

∣∣ΩRoI
v

∣∣ do
6: for j = 1 to

∣∣ΩRoI
server

∣∣ do
7: if xi = 0 and Dvi(0) ≤ min{τ tole0 , τholdj,ego} then
8: continue
9: else if xi = 1, oij = 1 and

Irawλraw
vi

fvi
+

Ifea

Rvi→sj
+

Iobj
Rsj→ego

< min{τ tole0 , τholdj,ego} then

10:

µij =
Ifeaλ

fea
vi

fsj
/(min{τ tole0 , τholdj,ego} −

Irawλ
raw
vi

fvi

− Ifea
Rvi→sj

− Iobj
Rsj→ego

)

11: else if xi = 2, oij = 1 and Iraw

Rvi→sj
+

Iobj
Rsj→ego

<

min{τ tole0 , τholdj,ego} then

12: µij =
Irawλraw

vi
+Ifeaλ

fea
vi

fsj

(
min{τtole

0 ,τhold
j,ego

}− Iraw
Rvi→sj

− Iobj
Rsj→ego

)

13: else
14: go to line 3 and proceed to the next iteration of

the loop for m.
15: end if
16: end for
17: end for
18: for j = 1 to

∣∣ΩRoI
server

∣∣ do

19: if
∑|ΩRoI

v |
i=1 µij ≤ 1 then

20: continue
21: else
22: go to line 3 and proceed to the next iteration of

the loop for m.
23: end if
24: end for
25: /*NLP solver*/
26: Generate the initial matrix U0 based on Xm,Om that

satisfies the feasibility check.
27: Define the inequality and equality constraints;
28: Find the optimal resource allocation Um via NLP

solver.
29: end for
30: Obtain the optimal decision X∗, O∗ and resource alloca-

tion U∗.

Figure 15: Optimal task
offloading and resource allocation

OTORA Scheme
Task offloading decision X∗, O∗ and resource
allocation U∗.
Exhaustive exploration of all combinations of
discrete variables along with feasibility checks.
Once variables are set, converts the MINLP
problem into simpler NLP problems, leveraging
known gradients to tackle non-convexity.

Enumerate 

Decisions

Feasibility 

Check
NLP Solver

No

Yes
Search 

Complete?

No

Next 

Combination

Optimal 

Solution

Yes

Start

Figure 16: Optimal task offloading and resource
allocation
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Cooperative Perception Task Offloading Scheme
Simulation Results

As computational resources increase, latency decreases for all methods.
When resources are scarce, the RDO scheme excels by avoiding local compu-
tations, while the ODO scheme performs best in resource-rich environments by
processing all tasks locally.
As computational resources increase, the OTORA scheme optimally maintains
task completion latency by balancing data computation between local resources
and RSUs.

(a) (b)
Figure 17: Impact of increased vehicle computing resources on (a) RoI task processing
delay and (b) data computation distribution across nodes (|ΩRoI

v | = 4, |ΩRoI
server | = 5).
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Cooperative Perception Task Offloading Scheme
Simulation Results

As the number of task vehicles increases, resulting in higher computational de-
mands, the resources of the service nodes remain unchanged, leading to an in-
crease in processing delay.

The flexibility of the OTORA scheme in dynamically arranging offloading based
on task stages enables a balanced utilization of both demand and service node
resources, thereby maintaining optimal performance even as demand increases.

(a)
0

0
  

0 0

0
.

0
.0

(b)
Figure 18: Effect of increasing number of task vehicles on (a) RoI task processing
delay and (b) data computation proportions among various nodes (

∣∣ΩRoI
server

∣∣ = 5).
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Cooperative Perception Task Offloading Scheme
Simulation Results

As wireless channel bandwidth increases, processing delays decrease for all
schemes except ODO, which does not utilize channel bandwidth.

The GTO scheme takes into account the computational resources of the offload-
ing nodes but does not comprehensively consider the data types involved.

The OTORA scheme optimizes performance by judiciously distributing compu-
tational and communication resources between demand and service sides.

(a)
  

0
.0

3

0
.0

2

R
D

O

0
.0

9

(b)
Figure 19: Impact of increased wireless bandwidth on (a) RoI task delay and (b)
computation distribution across nodes (|ΩRoI

v | = 4, |ΩRoI
server | = 5).
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Object-Level Cooperative Perception System
Cooperative Perception

Raw data contains the most comprehensive information and substantial descrip-
tion of agents.

Feature extraction often causes information loss and unnecessary information
redundancy.

Late collaboration (object-level) is more bandwidth-economic and simpler than
early and intermediate collaboration.

Raw data

Features

Features

Results

Features

Raw dataRaw data

Results Final Results

Results

Collaboration

Collaboration

CollaborationEncoder

Encoder

Decoder Decoder

Decoder

Encoder

(a) Early collaboration (b) Intermediate collaboration (c) Late collaboration

Figure 20: The collaboration scheme in the collaborative perception system.

Zheng Xue (GDUT) Resource Scheduling for Cooperative Perception and Computing in IoV 9 November 2025 22 / 31



Object-level Cooperative Perception System
Hardware-in-Loop Platform Framework

LTE-V2X OBU device supports 3GPP Release 14 PC5 communication, operates
between 5905-5925 MHz with 10 MHz/20 MHz bandwidth, and has a maximum
transmission power of 23± 2 dBm. It includes a GNSS antenna for receiving
satellite signals.

NVIDIA’s Jetson AGX Orin 32 GB has a computing power of up to 200 TOPS,
with a maximum CPU frequency of 2.2 GHz and a maximum GPU frequency of
930 MHz.

Autonomous Driving 

Computing Platform

Autonomous Driving 

Computing Platform

LTE-V2X

OBU OBU

Vehicle 2Vehicle 1

GNSS Camera Lidar GNSS Camera Lidar

Visualization Platform

Figure 21: Hardware-in-loop testing platform.
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Object-Level Cooperative Perception System
ROS2 Sender Node Graph and Receiver Node Graph

Figure 22: ROS2 sender node graph.

Figure 23: ROS2 receiver node graph.
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Object-Level Cooperative Perception System
Deployment Process for ROS2 Inference Nodes

Train the PointPillars model using NVIDIA TAO Toolkit, generate
an inference module, and encapsulate it as a ROS2 node.

TAO-PointPillars etltKITTI 
data format

OpenV2V 
data format

Conversion Input Output

/243
000001.pcd
000001.yaml
000002.pcd
000002.yaml
…

/lidar
000001.bin
000002.bin
…

/label
000001.txt
000002.txt
…

engine

Convert

tao-converter

ROS2 node encapsulation

Figure 24: Deployment process for ROS2 inference nodes.
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Object-Level Cooperative Perception System
Visual Interface for Object-Level Cooperative Perception

Figure 25: Visualization interface of the sender.

Figure 26: Visualization interface of the sender.
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Object-Level Cooperative Perception System
Performance Evaluation

The link latency of the cooperative perception system is crucial for
ensuring real-time data exchange and decision-making among mul-
tiple vehicles.
Test the latency of each module in the cooperative link.

sender

pcd inferd
®

sender

inferd sender

infer senderd
®

sender

prepared

trand
receiver

listenerd receiver

lis recd
®

receiver

fusiond

receiver

inferd receiver

infer visd
®

receiver

visd

Figure 27: Illustration of link latency.
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Object-Level Cooperative Perception System
Performance Evaluation

The average detection latency of the receiver’s inference module is about 110 ms,
and the visualization latency is about 50 ms. The total average latency of the
cooperative link is about 300 ms, with the inference module’s average detection
latency being about 110 ms.
Object-level cooperative perception is shown as alerts on the human-machine
interface, overcoming the perception limitations of human drivers and single
vehicles.

12

Test data Total packets Sav
pcd (MB) Sav

bbox (B) dreceiverinfer (ms) dreceiverinfer→vis(ms) dreceivervis (ms)

Test 1 2151 0.85 1053.37 112.56 34.70 50.01
Test 2 1981 0.85 1051.77 99.33 48.32 49.33
Test 3 4986 0.85 1052.34 122.74 23.11 49.60
Test 4 4242 0.85 1052.93 99.38 47.11 49.62
Test 5 4211 0.85 1052.35 105.30 40.43 49.25

Test data Packet loss rate dsenderpcd→infer dsenderinfer dsenderinfer→sender dsenderprepare dtran dreceiverlistener dreceiverlis→rec dreceiverfusion

Test 1 0.092% 5.66 108.39 18.97 20.29 18.02 4.06 8.23 99.72
Test 2 0 5.63 109.23 18.82 20.30 32.28 4.16 8.47 100.55
Test 3 0 5.75 109.02 18.75 20.28 25.87 3.95 18.48 101.84
Test 4 0.047% 5.83 102.71 18.28 20.25 26.19 4.18 8.65 99.85
Test 5 0.023% 5.75 108.79 18.91 20.29 35.71 3.99 8.31 101.73

Figure 28: Inference link latency of the receiver.
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Figure 29: Latency of cooperative perception links.
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Concluding Remarks

Conclusions
In this talk, we presented resource scheduling strategies for cooperative perception and
computing in the IoV.

Proposed a dynamic service caching and computation offloading scheme to min-
imize task latency and improve resource utilization.

Developed an optimal task offloading and resource allocation (OTORA) algo-
rithm for multi-source cooperative perception tasks.

Implemented a prototype system based on NVIDIA Orin and OBU platforms to
validate the late-fusion-based cooperative perception framework.

This work demonstrates that efficient resource scheduling enables real-time
cooperative perception and computation in IoV, providing a promising pathway for
intelligent connected vehicle applications.
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Ending

Thanks for Your Attention!
Q & A
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