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Abstract—Onboard perception systems found on modern ve-
hicles generate data that are incredibly rich in contextual
information, and thanks to the increasing number of vehicles
equipped with communication capabilities, the valuable data
generated can be shared with nearby vehicles. One of the
most studied vehicular applications for autonomous driving is
platooning, for which all maneuvers are managed by the Platoon
Leader (PL) with the aid of context information available through
Vehicle-to-Vehicle (V2V) messages. However, redundant context
information from nearby vehicles in the platoon creates an
additional workload for the platoon leader resulting in elevated
computational costs. To overcome the challenge of redundant
context information, the formation of vehicular micro-clouds
can offload the platoon leader by enabling vehicles in a cluster
to more effectively utilize the available context data through
collective data processing and aggregation. The proposed so-
lution, called Platoon Local Dynamic Map (P-LDM), creates
a single database of context information, distributing the data
aggregation load among all members of the platoon. Simulation
results evaluate the collective perception enhancement and the
distribution of the computational load, comparing the proposed
scheme with usual Cooperative Perception mechanisms.

Index Terms—V2X, Autonomous Vehicles, Platooning, Vehic-
ular Micro Cloud, Local Dynamic Map, LDM, ITS, Vehicular
Networks, 5G

I. INTRODUCTION

TOWARDS the wide-spread deployment of automated
vehicles in the near future, the capacity for efficient

data exchange among these vehicles emerges as a crucial
enabler for meeting the requirements of safe and prompt
decision-making. This exchange of data between vehicles and
between vehicles and the infrastructure is performed through
what is called Vehicle-to-Everything (V2X) communications
for which several standards have been developed over the
years including the Wi-Fi-based IEEE 802.11p and upcoming
802.11bd, as well as the cellular-based counterparts, namely
3GPP’s LTE-V2X and NR-V2X.

The European Telecommunication Standards Institute
(ETSI) envisages a system where vehicles communicate by
broadcasting standardized messages including specific types of
data. In particular, Cooperative Awareness Messages (CAMs)
have been defined for vehicles to share their own geographical
position and dynamic state (e.g. speed, acceleration, drive
direction, etc). Recently, ETSI finalized the standardization of
the Collective Perception Service (CPS), which is designed
to manage the creation of Collective Perception Messages
(CPMs). CPMs have been developed to counteract the inherent

limitations of on-board sensors, including their necessity of
line of sight, susceptibility to adverse weather conditions, and
limited perception range. Indeed, CPMs contain information
about the objects perceived stored in the sender vehicle’s
Local Dynamic Map (LDM). Within ETSI’s vision, the LDM
constitutes a facility that manages a database with both locally
gathered and remote information (from messages such as
CAMs and CPMs).

Despite the benefits of the extended awareness achieved
with CPMs, the fully distributed dissemination scheme tends
to result in a lot of redundant information being exchanged,
translating into an unnecessary channel load if the inclusion
of information is not controlled [1]. Additionally, the compu-
tational capacity needed to match all locally sensed objects
with the data from other vehicles increases the delay in the
perception pipeline, resulting in outdated perceptions [2].

One of the ITS applications most studied by the research
community is platooning, which is a cooperative Automated
Driving System (ADS) application for which huge efforts have
been made to enable its deployment on real highways [3]. In
particular, for the European market, the ENSEMBLE project
has brought together the main truck manufacturers of the
region to realize a communication protocol for multi-brand
truck platooning [4]. ENSEMBLE has laid the foundation for
standardization bodies, such as ETSI, to create a new facilities
layer service for the C-ITS set of standards. Platoons are, in
essence, clusters of vehicles that organize themselves to travel
close behind one another with the aim of saving fuel, reducing
traffic, and increasing road safety. The availability of context
information available from V2V messages crucial for the
platoon’s safely and timely reaction to potential disturbances.

As illustrated in Figure 1, a problem arises for vehicles in a
platoon due to their close proximity, resulting in the gathering
and sharing of highly redundant data that needs to be processed
by each Platoon Member (PM) to align the locally gathered
data with the shared data. Although this redundancy allows
for an enhanced view of the road, the incurred processing
load to match the information together with the necessary
communication overhead results in diminishing returns within
the platoon. To address this issue, the concept of vehicular
micro-cloud can be employed, which allows the distribution
of the computing resources of the PMs. Under this micro-cloud
approach, a master node (the Platoon Leader in our case) takes
on the role of coordinating and distributing the contextual
information responsibility among all PMs by assigning a
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Figure 1. Scheme showing multiple platooning vehicles detecting and
broadcasting redundant information about the same non-connected vehicle.

subset of all Platoon Perceived Objects to each.
The service investigated in this paper, the Platoon Local

Dynamic Map (P-LDM), aims to reduce redundant percep-
tions being shared and balance the processing load within
the platoon’s micro-cloud architecture. The P-LDM creates a
single aggregated dataset of context information surrounding
a platoon, where the Platoon Leader assigns a subset of all
Platoon Perceived Objects to each Platoon Member. Each PM
is responsible for updating the portion of data assigned to it by
exchanging custom V2V messages, specifically defined for this
service. By distributing the processing responsibilities across
multiple PMs, the system efficiently balances the computa-
tional load within the platoon’s micro-cloud. This approach not
only minimizes redundant perception sharing but also reduces
the overall computational and communication overhead.

The first solution of the P-LDM service has been presented
in our conference paper [5]. However, the work presented here
further extends the work presented in [5] providing:

• An improved messaging protocol reducing the commu-
nication overhead of the service, maintaining the same
capabilities.

• The definition of a multi-objective optimization problem
for the assignment of platoon perceived objects.

• An evaluation of various heuristic algorithms for the
online assignment procedure, providing a performance
comparison as well as a scalability analysis.

• A validation of the service in a new open-source simula-
tion framework combining realistic models for commu-
nication, sensing and control.

The remainder of the paper is organized as follows: in
Section II, a description of related works studying the de-
velopment of cooperative perception schemes is followed by
a detailed description of the system model for the presented
service in Section III. In section IV, an optimization prob-
lem is formulated for the assignment of Platoon Perceived
Objects to each platoon member. Section V showcases the
proposed algorithms for our optimization problem with their
performance evaluation and scalability analysis. The service is
validated in Section VI, for which an implementation has been
developed on an open-source simulation framework, outlining
the obtained results. Finally, Section VII concludes the paper.

II. RELATED WORKS

The concept of LDM has been developed as a powerful
facility to represent the dynamic world around a vehicle and
has been standardized by ETSI [6], providing guidelines for

the interface with other facilities layer services. Indeed, in ad-
dition to storing data provided by sensors, ETSI envisions the
LDM to be populated with data coming from the Cooperative
Awareness Service [7] and the Collective Perception Service
[8]. Although ETSI defines a set of redundancy mitigation
rules in [8], the authors in [9] argue that these rules fail
to effectively reduce the channel overhead created due to
redundant data being exchanged.

The process of matching, involving associating new sensor
data with previously detected objects, and tracking, i.e., up-
dating these associations over time, are critical components
for achieving Collective Perception. Search algorithms for
matching can operate in milliseconds for a few objects, but
scalability becomes a problem with increasing numbers of data
sources and objects to track [10]. In the presence of redundant
information within exchanged CPMs, vehicles need to match
the objects from received CPMs with the ones already stored
by onboard sensors and previous CPMs. The repeated recep-
tion of data about the same objects (from different sources)
overloads the matching process, introducing high end-to-end
delay and rendering the additional information useless [2].

Several works have explored different ways to address
information redundancy in collective perception. In [11], the
authors investigate and evaluate several filtering rules to
mitigate redundancy, proposing new metrics for quantifying
redundancy and demonstrating how excessive duplicates can
negatively affect overall system performance. Similarly, the
authors from [12] analyzed adaptive object filtering strategies
to reduce redundancy while retaining sufficient awareness of
relevant road users, showing that controlling redundant data
updates can improve both resource efficiency and perception
reliability in V2X scenarios. While in both [11] and [12] prove
that filtering-based approaches can effectively reduce redun-
dant data transmission, our proposed P-LDM instead reduces
redundancy without losing context awareness that might be
lost by filtering leveraging a hierarchical assignment which
also distributes the computational load across multiple platoon
members. In [13], the authors propose a Value of Information
(VoI)-based method to reduce redundant transmissions among
Connected and Automated Vehicles (CAVs) by quantifying
the utility of each CPM entry and discarding less useful
ones. Compared to the approach on [13], which relies on
a centralized scheduler, our service avoids the need for a
persistent centralized entity that may be unreachable in remote
or highway scenarios. Instead, it distributes the perceptual
processing tasks among platoon members in a coordinated
yet decentralized way, making the P-LDM more resilient to
infrastructure coverage.

In the context of decentralized task allocation, the authors in
[14] propose a lightweight algorithm for minimizing task com-
pletion time within vehicular micro-clouds with heterogeneous
computational resources, showing promising results compared
to random allocation. In [15], instead, a multi-objective task
allocation approach is presented, aiming to optimize energy
consumption, latency, and fairness. The multi-objective opti-
mization problem is solved with a custom genetic algorithm
proving to be more effective than well-known methods such
as the Non-dominated Sorting Genetic Algorithm II (NSGA-
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II). Similarly, the authors in [16] present a novel approach
to optimizing resource allocation in vehicular cloud com-
puting environments. The authors propose a multi-objective
optimization model that seeks to minimize both the blocking
probability of tasks and the operational cost for providers
solved through an NSGA-II-based algorithm. A task scheduler
that enhances fairness in resource usage by balancing the
load across vehicular clouds through a probabilistic selection
method is proposed in [17]. Even though a considerable body
of research has focused on decentralized task allocation in
mobile micro-clouds, all these works consider general task
without considering specific use cases, such as cooperative
perception, which pose their particular constraints.

A resource allocation strategy is proposed in [18] to dis-
tribute bandwidth and compute resources based on collabora-
tion quality, considering factors like concurrent tasks and data
overlap. Although effective for highly dynamic scenarios, the
authors do not delve into the cooperative perception benefits of
the proposed approach. In contrast, our work explicitly focuses
on cooperative perception, providing a structured mechanism
to assign and manage perception tasks for detected objects.

In [19], the authors present a clustering algorithm for assign-
ing perceived objects to each Connected Autonomous Vehicle
(CAV). The proposed algorithm, executed by all CAVs, com-
putes an ’importance’ score for each locally detected object
which then is compared with the score received from other
CPMs about the same objects. The CAV with the highest
score for a particular object then proceeds to self-assign that
object to its cluster, and subsequently includes that object
in the following CPMs. Although the concept of assigning
perceived objects to CAVs shows promising results in terms
of the reduced redundancy in the messages exchanged, the
fully distributed execution of such an algorithm necessitates
for all CAVs to match and keep track of all received CPMs
perceptions and does not foresee a synchronization of the
context representation. The P-LDM, instead, favors a hierar-
chical scheme to achieve the synchronization of all perceived
objects’ reference IDs for all platoon members, allowing a
more lightweight management of the database.

While some works leverage edge servers to aggregate vehi-
cle perceptions into a unified LDM [20] [21], this centralized
approach requires high infrastructure availability, which is
often lacking in rural areas where vehicular applications such
as platooning mostly operate. Several works have investigated
the use of platoons as a cluster of computing resources.
Works such as [22] and [23] explored the benefits of lever-
aging platoons compared to general cluster-based schemes for
creating vehicular micro-clouds. Indeed, thanks to the long-
term close proximity of vehicles and static topology, platoons
provide more stable communication links, reduce message
overhead, and improve resource utilization efficiency. On the
other hand, in works such as the one presented in [24], a
new concept is proposed leveraging idle resources present in
Platoon Members to aid edge servers when needed, proposing
to offload non-platoon vehicles’ tasks to platoon members. In
[25], the authors proposed a federated learning mechanism
leveraging the steady network conditions within a platoon
despite the elevated absolute speed of worker nodes.

Various authors have studied the impacts and challenges
of non-connected Human Driven Vehicles (HDVs) on safe
platoon control and maneuvers [26]. However, there is still
a gap in research on the benefits of cooperative perception
for platoons in mixed traffic scenarios. The authors in [27]
presented a novel framework that harnesses the capabilities of
the CARLA simulator to analyze the improvements provided
by cooperative perception for the execution of platoon joining
maneuvers. Although cooperative perception is shown to be
essential for mixed traffic scenarios, the authors analyze a
scenario where raw sensor data is exchanged under ideal
communication conditions, which is very difficult to achieve
when relying on V2V communications. In this work, instead,
we propose a lightweight service working with object-level
perception sharing, which offloads and distributes the platoon
leader’s perception tasks needed for executing and planning
platooning maneuvers to all Platoon Members.

III. SYSTEM MODEL

A. System overview

In the considered system, all vehicles belonging to a platoon
are equipped with communication devices for V2X commu-
nications and a C-ITS stack for the dissemination of CAMs
and CPMs. All Connected Vehicles (CVs) are equipped with
a GNSS device for positioning, a set of cameras (facing front,
left, back, and right of the vehicle), and a LiDAR sensor. The
cameras and LiDAR sensor are used for object detection lever-
aging sensor fusion. Longitudinal platoon control is performed
using the CACC controller defined in [28, Chapter 7]. The set
of messages defined by the ENSEMBLE project [4] is used
to exchange the data necessary for the controller.

Based on available context information, the Platoon Leader
(PL) is responsible for all platoon-wide maneuvers, including
allowing new PMs to join or notifying that a PM has left the
platoon. As in a near future scenario, our system considers
only a given percentage of vehicles to be CVs, defined by the
V2X technology penetration rate, establishing a mixed traffic
scenario. For the environmental awareness of all vehicles,
each CV relies on CAMs to perceive other CVs within
communication range and on CPMs to perceive non-connected
vehicles outside its perception range. For all the vehicles under
perception range, the data collected by each CV’s sensors is
processed to update the Vehicle’s LDM, referred to as V-LDM
in our system, which includes a list of objects and CVs along
with their path history. The V-LDM can be updated with data
from onboard sensors and information received from other
CVs through CAM and CPM transmissions, as defined in [6].
Each CV uses the information stored in the V-LDM to generate
CPMs, as specified in [8].

To address the challenges present within ETSI’s standards,
where each vehicle independently manages and shares locally
perceived objects, the P-LDM unifies the multiple views of all
PMs into a single synchronized database of the entire platoon,
as depicted in Figure 2. However, the processing of this unified
database is not centralized and is instead distributed among the
PMs. Thus, in our approach, the entire set of Platoon Perceived
Objects (PPOs), i.e., the set of objects under the perception
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Figure 2. P-LDM architecture and perception aggregation scheme.

range of the platoon as a whole, is aggregated in a coordinated
way by all PMs. This coordinated aggregation and distributed
processing allows the platoon to efficiently manage the PPOs
while reducing redundant computational effort by splitting
database management among all PMs. The PL serves as the
master node, managing the P-LDM service, overseeing task
distribution, and offloading data aggregation to other members.

The P-LDM contains information about all PPOs, i.e.,
objects currently being perceived by one or more PMs, and
information about all CVs in the platoon vicinity. Finally, the
P-LDM contains a PM state map with information on each
PM, including which PPOs are currently under their detection
range, which PPOs they are assigned with, and their available
free resources. To simplify the management of the P-LDM
database, each entry is stored with a Platoon ID representing
the platoon-wide identity of each vehicles in the context
(PL, PMs, CVs and PPOs). The Platoon ID used for CVs
outside the platoon is the ITS-Station (ITS-S) ID, allowing
for interoperability with CAMs. Instead, the Platoon ID used
for PPOs is the object ID given by the first PM assigned with
such PPO.

B. Message Protocols

The data aggregation is achieved by synchronizing the con-
text databases of all PMs leveraging, in addition to CAMs, a
set of two newly defined messages, the Platoon Leader Update
(PLU) and the Platoon Member Update (PMU). This message
set is used for perception data exchange and management data
exchange for the PPO assignment procedure. The PLU is sent
periodically by the PL, carrying the following information
containers:

• Platoon Leader Container: geographical, dynamic in-
formation of the PL.

• Platoon Members: list of all PMs’ ITS Station Identifier
(ITS-S ID) and Platoon ID.

• Connected Vehicles: list of each CV not belonging to
the platoon, containing their ITS-S ID

• Assigned Perceived Objects: a list containing geograph-
ical and dynamic information about all PPOs that have
been self-assigned by the PL.

• Platoon Perceived Objects Assignments: a list specify-
ing the PPOs’ Platoon ID and the PM assigned with each
of the PPOs.

The PMU, instead, is sent by each PM after the reception
of a PLU carrying the following information containers:

• Assigned Perceived Objects: a list containing geographi-
cal and dynamic information about all the PPOs that have
been assigned to this PM.

• New Perceived Objects: a list with information about all
the Perceived Objects ’seen’ by this PM (i.e., appearing
in its V-LDM) but not yet included in the P-LDM.

• PM State: containing the PM’s available resources for
the P-LDM and the list of PPO IDs of all the PPOs this
PM currently detects (assigned to this PM or not).

For the management of the P-LDM service, the PL peri-
odically sends a PLU to all PMs, every 100 ms. At service
start-up, the PL issues a PLU with the Platoon ID of all PMs
and all CVs outside the platoon, together with the data of PPOs
currently self-assigned by the PL. At PLU reception, each PM
matches the new PPO data with its locally perceived objects
and for all replicas, it updates the local object’s ID with the
P-LDM platoon ID.

After the first P-LDM update period, i.e., PLU sent by PL
and all PMUs received from all PMs, the information about
all PPOs stored in the P-LDM is only the one reported on
the Assigned Perceived Objects of each PMU and PLU. Thus,
upon reception of a PLU, all PMs update the assignments on
their P-LDM and wait for the rest of the PMUs to complete
the P-LDM database update.

C. Object data processing

To match the objects for ID synchronization, each object of
the V-LDM and P-LDM is translated into a 2D box defined
by 4 corners and a central point. Each object of the V-LDM
is compared to each object of the P-LDM computing the
Intersection-over-Union (IoU) and the distance between the
central points of each object. The IoU metric measures the
overlap between two 2D boxes and is defined as the ratio of
the area of their intersection to the area of their union. The
IoU ranges from 0 to 1, where 0 indicates no overlap and
1 indicates a perfect overlap. In order to account for possible
time differences between detections, potential occlusions from
obstacles or harsh environments, and the challenges posed by
highly dynamic objects, each PM predicts the positions of
all objects at the matching time by implementing a Kalman
filter with a constant velocity model for robust prediction [29].
For an IoU higher than 0 and a central point distance lower
than 2 m, the two objects are considered to be the same, and
the local object ID in the V-LDM is synchronized with the
Platoon ID. The reason behind the usage of the central point
in addition to the IoU as a threshold to match the objects
is due to the shape of vehicles, often being long rectangles
in their 2D representation, thus resulting in very low or zero
IoU values for small lateral misalignments, leading to false
negatives during matching.

When locally perceived objects stored in the PM’s V-LDM
are not matched to any of the PPOs in the P-LDM, the
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PM appends their information to the New Perceived Object
container of the PMU, using a newly generated Platoon ID
that is not currently in use. Once all new PPOs are matched
with its locally Perceived Objects, each PM checks which of
the PPOs in sight have been assigned to it by the PL, if any,
and adds the PPO data to the Assigned Perceived Objects.
After processing the PLU, each PM sends a PMU with the
updated information.

On each PMU reception, the PL updates the P-LDM with
the updated perceptions extracted from the Assigned Perceived
Objects container and checks for new PPOs in the New
Perceived Objects to be added to the P-LDM. Before storing
a new PPO in the P-LDM, the PL checks for duplicates that
might be found in other PMUs received during the same
update period, storing the perception of the closest PM.

Before starting a new update period, the PL begins the as-
signment selection procedure in which it updates, if necessary,
the PPOs assignments. The assignment selection procedure
seeks to jointly achieve the following platoon-wide objectives:

• Minimum computational cost
• Maximum computational fairness
• Maximum perception robustness
The assignment selection problem is detailed in Section IV

for which the proposed algorithms are described in Section V.

D. Quantifying object perception

The P-LDM is designed as a Facilities layer service within
ETSI’s C-ITS stack, working alongside facilities such as the
Cooperative Awareness and Collective Perception services. To
maintain compatibility with ETSI’s standardized messages and
leverage the exchanged information, the P-LDM is updated
through these messages.

For the management of information from CVs outside the
platoon, the PL stores the incoming information found in
their CAMs, using their ITS-S ID as the Platoon ID. On
the other hand, for PPOs, each PM updates the PL with the
context information of its assigned PPOs, using not only the
sensor information of that PM but also the sensor information
of other PMs with the exchange of CPMs. By fusing the
perceptions of multiple PMs, the overall perception accuracy
is enhanced with a higher granularity of perception updates as
well as multiple viewpoints from which the objects are sensed.
This approach mitigates issues arising from sudden obstacles
obstructing the view of a vehicle assigned with an object.

For each assigned PPO, a path history is created in the
PM’s local P-LDM, storing the last 10 perceptions received
from either local sensors or CPMs, (corresponding to a 1-
second window for a 10Hz update) rate providing the best
trade-off between historical context awareness and memory
efficiency. To reduce the computational workload and delay
from matching and fusing objects in incoming CPMs, PMs
process only CPM objects with IDs assigned by the PL.
Additionally, since ID synchronization is only guaranteed for
CPMs from other PMs, all CPMs from CVs outside the
platoon are discarded. This policy aligns with the objective
of maintaining a continuous context awareness, relying on

information from vehicles consistently within communication
range, i.e., Platoon Members.

Each PM continuously aggregates all the perceptions of
an assigned PPO by computing a weighted average of the
received bounding box B′ compared to the one stored in the
P-LDM (B). The weighted average between the 2 bounding
boxes is obtained by computing the weighted average of
each of the variables defining them: center point (stored in
a cartesian format from the ego-vehicle point of reference),
width, length, and yaw angle. To achieve a trade-off between
prioritizing newer perceptions and prioritizing perceptions
perceived from a better viewpoint, the weights are computed
by dividing the perception confidence C by the perception age
A. The perception confidence of an object in our system is the
classification confidence obtained by the computer-vision AI
model used, providing a value between 0 and 100. On the other
hand, the perception age is the difference between the time
at which the object has been detected and the current time,
measured in milliseconds, considering values in the range from
1 to 100 ms (i.e., a value of 0 is treated as 1). Thus, each new
PPO perception’s bounding box πPPO is converted into the
weighted average of the received perception and the already
stored perception according to the following expression:

πPPO =
C
A ·B+ C′

A′ ·B′

C
A + C′

A′

(1)

where C and C ′ represent the confidence values of the
stored and new perceptions, and A and A′ indicate the
detection age of the stored and new perception, respectively.

IV. ASSIGNMENT PROBLEM FORMULATION

As described in the previous section, the P-LDM contains a
database with the entire context under the platoon perception
range. Within this context, each non-connected vehicle stored
as PPOs is periodically assigned to a given Platoon Member
(PM). For a given N number of PMs and M number of PPOs,
we denote as P a NxM binary matrix whose elements pn,m
are set to 1 if PM n is perceiving PPO m, and 0 otherwise,
according to the following expression :

pn,m =

{
1 if dn,m ≤ rn(1− 0.9ωo)

0 otherwise
(2)

where dn,m represents the distance between PM n and PPO
m, rn the perception range of PM n and ωo the conditional
occlusion factor of PPO m [30]. As shown in Figure 3, from
the perception matrix P we derive the assignment matrix X,
which captures how each PPO is ultimately allocated to one
of the PMs. We denote as X the set of assignments. X is thus
given as a NxM binary matrix whose elements xn,m are set
to 1 if a certain PPO m is assigned to PM n [15], 0 otherwise:

xn,m =

{
1 if PMn is assigned with PPOm

0 otherwise
(3)

The following constraints apply:
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PPO3

PPO4
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Figure 3. Relationship between the perception matrix P and the resulting
assignment matrix X. Each row n in P corresponds to Platoon Member n ,
while each column m corresponds to a Platoon Perceived Object m.

• A PPO can be assigned to only one PM (Responsible
PM): ∑

n∈N

xn,m = 1 (m = 1, ...,M) (4)

• The number of PPOs assigned to a given PM n, can be
up to M: ∑

m∈M

xn,m ≤ M (n = 1, ..., N) (5)

• A PM can only be assigned with a PPO that is currently
being perceived by it:

xn,m ≤ pn,m (n = 1, ..., N), (m = 1, ...,M) (6)

where pn,m is the entry at the at the nth row and mth

column of the binary Perception matrix P .
We denote R as the PPO redundancy vector, whose ele-

ments are redundancy factors Rm, each for a given PPO m,
representing the number of PM n currently perceiving it:

Rm =
∑
n∈N

pn,m (7)

The redundancy factor of a given PPO represents the number
of available sources that can provide information about it to a
PM, which, in our architecture, translates into the number of
detections received within an update period from CPMs. The
computational cost of processing a given PPO m by a given
PM n is described by:

Cn,m(X) = [αn + γn ·Rm] · xn,m (8)

Thus, the total computational cost of handling assignment X ,
i.e., the cost of processing all assigned PPOs, for each PM n
is obtained by:

Cn(X) =
∑
m∈M

αn · xn,m +
∑
m∈M

γn · xn,m ·Rm (9)

Cn(X) =
∑
m∈M

[αn + γn ·Rm] · xn,m (10)

where αn is the computational load factor of PM n due to
a PPO m assigned to it and γn the additional computational
load factor due to the detection of a PPO m received through
CPMs (thus multiplied by the redundancy factor Rm).

Thus, the total computational cost C(X) of handling the X
assignment is given by:

C(X) =
∑
n∈N

Cn(X) (11)

For which the following constraint applies:

Cn(X) ≤ ϵTn (12)

where ϵTn the total available computational resources that PM
n can allocate.

The computational fairness cost L(X), can be described by
the difference between the computational cost of each PM n
and the average computational cost of the other PMi ̸=n:

L(X) =
∑
n∈N

∣∣∣∣∣∣Cn(X)− 1

1−N

∑
i ̸=n

Ci(X)

∣∣∣∣∣∣ (13)

The probability of a given PM n to lose track of a given
PPO m assigned to it, before the following assignment period
t+∆t, is assumed to be proportional to the distance between
PM n and PPO m at t+∆t:

P (pn,m(t+∆t) = 0|pn,m(t) = 1) ∝ dn,m(t+∆t) (14)

where

dn,m(t+∆t) = dn,m + vn,m ·∆t+ an,m ·∆t (15)

with vn,m and an,m denoting the speed and acceleration
difference between PM n and PPO m, respectively.

The perception robustness cost D(X) of using assignment
X is defined as the sum of the probabilities of each PPO m
going out of perception range of the PM n assigned with it,
before a new assignment is made:

D(X) =
∑
n∈N

Dn(X) (16)

where

Dn(X) =
∑
m∈M

P (pn,m(t+∆t) = 0) · xn,m (17)

=
∑
m∈M

dn,m(t+∆t) · xn,m (18)

In our system, the optimal assignment X̂ is the one that
jointly minimizes the computational load, the computational
fairness and perception robustness costs:

min {C(X), L(X), D(X)} (19)
subject to:(4), (5), (6), (12) (20)

In the following section, a detailed description of the proposed
algorithms to perform the online assignment computation.
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V. PROPOSED HEURISTIC ALGORITHMS

Due to the highly dynamic nature of the information stored
in the P-LDM, the optimal PPO assignment changes after
every new P-LDM update period, requiring a quick algorithm
to compute it. Furthermore, because conflicting objectives
must be jointly optimized, the solution of the optimization
problem is represented by a pareto-optimal set of assignments
instead of a single one. The pareto-optimal solutions are the
ones where no individual solution can be considered better
than another when considering all objectives simultaneously.

In order to achieve an online computation of the Platoon
Perceived Object assignment, the challenge of dealing with
integer decision variables necessitates the use of heuristic al-
gorithms due to the inefficiency of exhaustive methods. Many
works on similar multi-objective problems have highlighted
the efficacy of Genetic Algorithms (GAs) in finding optimal
or near-optimal solutions. Genetic Algorithms are adaptive
heuristic search algorithms based on the evolutionary behavior
of natural selection and genetics. Their ability to handle
multiple objectives and constraints makes them well-suited for
complex optimization tasks like ours [15], [16], [31], [32].

Among Genetic Algorithms, the NSGA-II is one of the
most prominent and widely utilized. NSGA-II is popular for
its efficiency in handling multi-objective problems through
its fast non-dominated sorting approach and its ability to
maintain a diverse set of solutions. This algorithm enhances
the search process by prioritizing non-dominated solutions
(pareto-optimal), thereby effectively balancing the trade-offs
between competing objectives [33]. Even though the NSGA-
II provides a close to optimal pareto-front of PPO assignments,
the convergence time becomes unsuitable for our service due
to the high number of possible solutions when the number
of PPOs is at least twice that of the platoon members (for
platoons with more than 10 vehicles in congested traffic).
Despite its long convergence times, the NSGA-II reliably
generates high-quality Pareto fronts through its non-dominated
sorting and crowding-distance techniques. In contrast, while
nature-inspired methods such as Particle Swarm Optimization
(PSO), Ant Colony Optimization (ACO), and Artificial Bee
Colony (ABC) offer fast convergence, they generally require
extra mechanisms to ensure solution diversity. To update the
PPO assignment after every P-LDM update period, there is
a need for an algorithm able to compute a solution of the
pareto-optimal front in less than 100ms. To this end, we have
devised a greedy algorithm for the online PPO assignment
selection. The idea behind the algorithm is that, instead of
assigning PMs to PPOs, PPOs are assigned to PMs in order
of assignment cost. Two algorithms have been devised that
differ in how the PPOs are ordered before assigning them. The
greedy algorithm, depicted in Algorithm 1, orders all PPOs
from the least detected (i.e., the one that is detected by the
least number of PMs) to the most detected.

The algorithm takes as input the current perception matrix
P as defined in (2), the distance matrix ∆ with the values
computed as defined in (15), the vectors with computational
load factor α and computational cost coefficient due to re-
dundancy γ of each PM. Additionally, weight coefficients

Algorithm 1 Greedy Algorithm
1: procedure GREEDY(P,∆,α,γ, wc, wd, ϵ

T
n )

2: (N,M)← dimensions of P
3: R← [m,

∑
n∈N Pn,m] for m ∈M

4: C← CPU cost matrix from (P, α, γ)
5: D← Perception robustness cost matrix from (P,∆)
6: Cv← initialize CPU cost vector of size N
7: X← initialize assignment matrix N ×M
8: R′ ← Sort(R) – Sorted by

∑
n∈N Pn,m

9: for each object m ∈ R′ do
10: N′ ← [n for n in N if Pn,m = 1]
11: Ζ← [wC .Cn′,m + wd.Dn′,m] for n′ ∈ N’
12: Υ← [N ′, Z]
13: Υ′ ← Sort(Υ) ▷ Sorted by values of Z
14: c← n′ of Υ′[0] ▷ PM with lowest C(X),D(X)
15: if

∑
m∈M Xc,m = 0 then

16: Xc,m = 1 ▷ Assign object
17: Cvc ← Cc,m

18: else
19: L← additional fairness costs for each n′ in Υ′

20: L′ ← Sort(L)
21: l← n′ of L′[0] ▷ PM with lowest L(X)
22: Lc ← L′ of member c ▷ L(X) of PM from Υ′[0]
23: if (Zl −Υ′[0]) > (Lc − L′[0]) then
24: Xc,m = 1 ▷ Assign to lowest C(X), D(X)
25: Cvc ← Cc,m

26: else
27: Xl,m = 1 ▷ Assign to lowest L(X)
28: Cvl ← Cl,m

29: end if
30: end if
31: end for
32: return X
33: end procedure

ωc and ωd are taken as input for the computation of the
combined computational and perception robustness costs of a
given assignment. As the PPOs get assigned to PMs, a vector
Cv with the accumulated CPU costs of each PM is updated
to compute the fairness cost.

At the beginning of the assignment process, a matrix R
of size 2xM where each row contains the index of each
PPO with the number of PMs currently perceiving it. Once
the matrix R is created, its rows are sorted according to
the number of PMs perceiving each PPO obtaining R′. For
every PPO m in R′, two vectors are defined Z and N′.
The vector N′ is a subset of N , containing the indexes n′,
which correspond to the PMs that perceive PPO m. On the
other hand, Ζ is the vector whose elements Zn′ represent
the combined computational and robustness cost of the PPO
m seen by PM n′. Vectors Z and A (which have the same
dimension) are then combined to create a matrix Υ,i.e. each
row Υn′ contains the index of the PM and its associated
cost. Υ is computed in Line 12 and then sorted in ascending
order (Υ′) according to the cost values in Line 13. The first
PPO is assigned to the PM with the lowest cost (i.e., Υ′[0]).
For the following assignments, the fairness cost is computed
according to the current computational cost vector (Cv). The
fairness cost of each potential assignment is stored in a vector
L and sorted in ascending order (L′) in Line 20. In line 23,
the algorithm compares the Computational and Robustness
cost (C(X), D(X)) difference with the Fairness cost (L(X))
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difference. The former is the difference in assignment cost if
the object is assigned to the node with the lowest C(X), D(X)
cost versus assigning it to the PM that achieves the best L(X),
whilst the latter is the difference in L(X) if the object is
assigned to the PM achieving the best fairness versus the
node with the lowest C(X), D(X) cost. If the difference
in C(X), D(X) cost for the PM with best L(X) is greater
than the difference in fairness cost for the PM with the best
C(X), D(X) cost, then the PPO is assigned to the PM with
the lowest C(X), D(X). Otherwise, it is assigned to the PM
providing the lowest L(X) (i.e., L′[0]).

The idea of sorting PPOs according to the number of PMs
currently detecting them, starting from the least perceived,
comes from the fact that the least detected object has fewer
candidates to assign it to. Hence, this strategy avoids assigning
objects to PMs that are not close enough to the object and
cannot ensure a robust perception. However, this strategy has
one downside, namely that the most perceived object will yield
the highest computational cost due to its high redundancy
factor, as explained in Section IV. Indeed, assigning the
objects with the highest redundancy factor as last, results in
poor granularity in the computational cost of assignments,
thus lowering the possible achievable fairness. In order to
analyze the trade-off between the different approaches, we
have considered two possible versions of our greedy algorithm
for the performance evaluation presented in this work, which
we have called least2most and most2least. They only differ by
the sorting order performed in Line 8 of Algorithm 1, with the
least2most sorting them from least detected to most detected
whereas the most2least sorts them from the most detected to
the least detected.

For what regards the computational complexity of both
least2most and most2least can be analyzed as follows. The
outer loop, iterating over each PPO in R, thus being performed
M times. Within this loop, the process for computing Υ has
a complexity of O(N). Additionally, sorting assignable PMs
incurs a complexity of O(N log(N)). Lastly, the computation
of the fairness costs vector L, a comparison between all PMs’
computational and distance cost needs to be performed, render-
ing a complexity of O(N2). Finally, the overall computational
complexity for both algorithms is O(MN2).

A. Performance Evaluation

Even though the NSGA-II is not suitable for the time
requirements of our system, it serves as a reliable benchmark,
enabling us to clearly investigate the trade-off between solution
optimality and the computational efficiency achieved by our
custom greedy algorithms. Thus, to evaluate the performance
of our proposed algorithms, we have developed a custom
python implementation of the NSGA-II algorithm as well as
the greedy algorithm described. Our custom implementation
includes all the functionalities of the NSGA-II algorithm
with tailored implementations for population initialization,
crossover, and mutation to ensure our constraints are met.
In particular, in our implementation, all members of the
population (i.e. matrix X defined in Section IV) are such that
every PPO is assigned to a single PM. For the initial simulation

campaign, we considered a scenario with a platoon size of 10
Platoon Members and 25 Platoon Perceived Objects. For each
simulation, the position of PPOs is randomly generated and
then arranged so that each one is perceived by at least one
PM. Each computational load factor associated with assigning
a PPO to a PM (i.e., the assigned values of αn defined in (8)
has been randomly selected from the set [0.05, 0.1, 0.2] to
account for different computational capabilities amongst PMs.
In a similar manner, the cost factor due to the redundancy
of a PPO (i.e., the assigned values of γn defined in (8) has
been randomly selected from the set [0.01, 0.05, 0.1]. For the
configuration of the NSGA-II algorithm,the parameters have
been determined through a series of preliminary experiments
on these base scenario. Initially adopting the common default
settings reported in the literature and tested various combina-
tions of these parameters for a trade-off between convergence
speed and the stability of the Pareto front. Ultimately, a
population of 100 assignments was used with a mutation
rate of 0.1, a crossover probability of 0.9 and a total of
100 generations. Being the output of the NSGA-II, a Pareto
front of non-dominated solutions, for each simulation, only the
solution with the lowest weighted average (with equal weights)
is considered.

All algorithms have been implemented as Python functions
to be called for each randomly generated PPO position, αn, γn,
and perception matrix. A wrapping Python script allowed us to
measure both the optimization performance and execution time
under identical conditions for all algorithms. The simulations
have been performed on an off-the-shelf AMD Ryzen 7 5800H
processor. The results in terms of optimization performance
are shown in Table I. As our objective is to minimize all the
costs defined in (19), the lowest values reported represent the
best assignments. The NSGA-II provides the best assignment
compared to the greedy algorithms across all the objectives
of interest, providing the best assignment of the three al-
gorithms. As expected, the most2least algorithm achieves a
lower fairness cost compared to the least2most counterpart.
These results showcase the benefits of assigning the objects
that are perceived by most PMs first, as those are the more
’expensive’ ones, hence, the ones requiring the best possible
assignment. When considering the perception robustness cost,
the least2most algorithm archives a slightly better performance
compared to the most2least. As anticipated, the least2most
achieves a better assignment for the PPOs perceived by the
least PMs, statistically further away than the rest of PPOs.
As in our assignment problem, the objective is to jointly
minimize all three computational, robustness, and fairness
costs; the resulting weighted average is reported in Table I
as well. Intuitively, the NSGA-II algorithm provides the best
performance, with the least2most being the best of the greedy
algorithm solutions.

As hinted at the beginning of the section, even though the
NSGA-II provides the best results of the considered heuristics,
the performance showcased is achieved at the expense of a
considerable number of iterations. As can be seen in Table I,
the NSGA-II takes over 30 seconds on average to converge,
which renders it unsuitable for the target assignment period of
100ms. On the other hand, both greedy algorithms produced
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Table I
PERFORMANCE COMPARISON OF EACH ALGORITHM IN TERMS OF

OPTIMIZATION COSTS AND TOTAL EXECUTION TIME.

Performance metric NSGA-II least2most most2least

Computational Cost 0.188 0.206 0.232

Perception Robustness Cost 0.312 0.415 0.442

Fairness Cost 0.304 0.320 0.306

Weighted Average Cost 0.268 0.312 0.318

Execution time [ms] 34956 1.977 1.863
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Figure 4. Weighted average of PPO assignment cost of each algorithm for
an increasing number of Platoon Members, where the number of Platoon
Perceived Objects is twice the number of Platoon Members.

an assignment selection in under 2ms, on average.

B. Scalability

Based on the performance evaluation, NSGA-II outper-
formed the two greedy algorithms. However, as the compu-
tation time for the NSGA is over a full minute on average for
a scenario with 10 PMs and 25 PPOs, the greedy algorithms
become the only viable solution for the online assignment of
PPOs. We have performed a scalability analysis to evaluate the
performance of all algorithms in terms of optimization perfor-
mance and execution time under more demanding scenarios.

The optimization cost outcomes of doubling the number of
PPOs along with increasing the number of PMs are depicted
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Figure 5. Average execution time of each algorithm for an increasing number
of Platoon Members, where the number of Platoon Perceived Objects is twice
the number of Platoon Members.

in Figure 4. As can be seen, the NSGA-II outperforms both
greedy algorithms up to a scenario with 30 PMs and 60
PPOs, after which both greedy algorithms provide better
results. These results reflect the limitation of the NSGA-II
for extensive search spaces, which require a bigger population
and more generations to achieve good enough results. Indeed,
when both the number of PM and PPOs are increased, the
search space grows exponentially, reflected in the execution
time for all the algorithms, depicted in Figure 5.

The scalability results for the NSGA-II algorithm are
shown here only as a reference, since its execution time was
prohibitively high even for the base scenario described in
Section V-A. As pointed out, the Genetic Algorithm needs
different configurations for different search spaces to obtain
the best trade-off between execution time and performance.
To simplify the comparison, we have always considered the
same population size, number of generations, and mutation
rate, which have resulted in the Genetic Algorithm being
over-dimensioned for simple cases and under-dimensioned for
the more complex ones. Indeed, the results of our scalability
analysis show that for complex scenarios with 40 PMs and 80
PPOs to be assigned, our custom greedy algorithms not only
outperform the NSGA-II algorithm but also achieve execution
times lower than 30ms, below the target of 100ms needed by
the P-LDM.

VI. SERVICE VALIDATION

In addition to the presented service, we have implemented
the platooning protocol presented in [4] for the ENSEMBLE
project, leveraging 2 newly defined messages:

• Platoon Management Messages (PMM): messages for
handling join requests and join responses for the man-
agement of a given platoon.

• Platoon Control Messages (PCM): messages containing
all necessary information for the Platoon Members’ Co-
operative Adaptive Cruise Control (CACC) controller.
This message is transmitted with a frequency of 20Hz.

All the Platoon Members in our simulations are controlled
by the CACC controller implemented in ms-van3t based on the
one defined in [28], commonly leveraged in other simulation
frameworks such as Plexe [34]. The CACC controller works
under a constant spacing policy to secure string stability
along the platoon, relying on the dynamic information of the
platoon leader and the preceding platoon member. According
to the information available about other PMs received through
PCMs, and the information about PPOs found in the LDM (or
P-LDM) database, each PMi applies the desired acceleration
given by the controller. Once the desired acceleration is
computed, it is then passed to the OpenCDACI module where
it gets translated into a control input (throttle, brake and
steering) leveraging OpenCDA’s PID controller.

A. Simulation setup

A simulation campaign has been performed to jointly eval-
uate the key aspects of the cooperative perception concept that
our system aims to improve:

• Computational load
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• Perception Robustness
• Platoon awareness

To this end, we have designed a custom CARLA map con-
sisting of a 4-lane 3-km strip of highway with an entrance
ramp merging with the main highway at the 1.2 km mark.
In addition to platooning vehicles, a total of 60 background
vehicles are evenly distributed on the strip to achieve a 20
vehicle/km density. Lastly, an intruder vehicle is spawned on
the entrance ramp set to interfere with the platoon execution. In
terms of the cooperative perception scheme, the two scenarios
considered for the simulations were:

• P-LDM: representing the scenario on which each PM runs
the P-LDM service and attempts to match only the objects
with the IDs assigned to it.

• Platoon Cooperative Perception (Platoon CP): represent-
ing a scenario in which the PL and PMs process the
information of all objects detected by other PMs.

To evaluate the trade-offs on both schemes, two different
ITS penetration rates have been considered for the simulated
background vehicles, namely, 0.1 and 0.5. The ITS penetration
rate determines the ratio of background vehicles equipped with
a communication device for the exchange of V2X messages.
Hence, a penetration rate of 0.1 yields a scenario in which only
10% of vehicles traveling on the highway are V2X-enabled,
representing a near-future case. The remaining background ve-
hicles are potential PPOs for the platoon. Regarding the V2X-
enabled vehicles communication setup, they are equipped with
802.11p OBUs on a 20 MHz channel at a central frequency
of 5.9 GHz, configured with a physical data rate of 12 Mbit/s,
and a transmission power of 26 dBm. As for the perception
configuration, all V2X-enabled vehicles are equipped with four
RGB cameras, whose feeds are processed by the YOLOv5
object detection model. Additionally, a LiDAR sensor is
configured, and its output is used for late fusion to achieve
3D object detection. Furthermore, the platoon sizes were set
to 10, 15, and 20, respectively, to analyze the effect of the
platoon size on the perception range and platoon reaction
to an intruder vehicle. For this evaluation we have focused
on platoons of at least 10 vehicles due to the fact that
in smaller platoons (e.g., 5 vehicles), the perception range
of each member would normally cover the platoon’s area
of interest. As a result, the added benefits of cooperative
perception become less relevant, and the number of perceived
objects would be too small to demand for a sophisticated
assignment mechanism such as the P-LDM. On the other hand,
although we have considered platoons of up to 40 PM in the
scalability analysis of Section V-B, for the service validation
presented here, the largest platoon size we have considered
is 20. Even if our assignment algorithm achieved execution
times well below our target of 100 ms for 40 PMs, allowing
the service to run without loss of performance, the deployment
of platoons of such dimensions has limited practical value.
Constraints due to latency and packet loss [35], as well as
reduced traffic flow benefits [36] [37], keep platoons below
20 vehicles in real-world conditions. All results presented in
this section are averaged over 100 simulations, each lasting 60
seconds, for every combination of penetration rate and platoon

1

2 3

4 5

Figure 6. Scenario timeline showing the different phases of the considered
simulation scenario: 1. Normal Platooning state (PMs colored in blue and
background vehicles colored in green). 2. Intruder vehicle (colored in red)
approaches the platoon. 3. Intruder vehicle starts the cut-in maneuver between
two PMs. 4. PMs react to the intruder interference by slowing down to create
a safe gap. 5. The platoon adjusted to the intruder’s presence.

size. To capture diverse traffic dynamics, the initial positions
of background vehicles were randomized across simulations.
The intruder vehicle, representing a human-driven vehicle, has
been simulated to systematically interfere in the middle of
the platoon by cutting in between two members (depicted in
phase 3 of Figure 6), relying on the ground truth information
from the CARLA simulation for the maneuver. Instead, all
platoon members rely on the information from platoon control
messages and the LDM or P-LDM databases, with which, at
every CACC controller step, a check is performed to verify the
vehicle or perceived object in front to adjust its acceleration
accordingly. Lastly, the PPO assignment selection for the
P-LDM scenario has been performed with the least2most
algorithm detailed in Section V.

B. Perception computational load analysis

One of the main purposes of the P-LDM is to distribute
the processing power dedicated to cooperative perception
among all the members of a platoon of vehicles. Indeed, upon
reception of a CPM, each PM attempts to match each received
object with the ones stored in its own LDM database. As
the number of objects stored in the LDM and the number
of objects included on each CPM increases, so does the pro-
cessing time needed to perform such matching. The perception
matching task in our framework is formulated as an assignment
problem, where the goal is to assign CPM objects to the
existing entries of the LDM in an optimal way, creating new
entries for the cases on which there is no match. To perform
the matching, we leverage the algorithm provided in the SciPy
Python package based on the algorithm devised in [38], which
creates a matching matrix by evaluating each received object
against existing entries according to the IoU and the distance
as described in Section III-C.

In our framework, each simulation utilizes two primary
processes in addition to the CARLA server: one for ns-3
and one for OpenCDA. Consequently, all vehicle perception
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Figure 7. Average processing time of each received message (CPMs) for each number of Platoon Perceived Objects included in each message.
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Figure 8. Cumulative Distribution Function of the total number of Platoon Perceived Objects stored in the database at a given point in time.

processing within the simulation is performed sequentially by
OpenCDA, using the same hardware resources. This sequential
processing approach prevents real-time simulation and makes
CPU usage an unsuitable metric for evaluating our service.
Therefore, we have chosen processing time as the metric to
evaluate the computational load of each scenario. Specifically,
we focus on the processing time of CPMs, as they are the
most demanding task in our cooperative perception pipeline,
apart from local perception. For each simulation in our cam-
paign, the processing time of each CPM is measured from
the moment the message is received and passed on to the
message handler running in OpenCDA until all objects have
been updated in the database. The time measured includes the
creation of the bounding box, the matching process according
to the intersection over union, and the update or creation of
the Kalman filter for each PPO received.

The processing time of a CPM at time t depends on
the number of objects stored in the vehicle’s database at
that time instant and the number of objects included on the
received CPM, translating into the dimensions of the matching
matrix. However, in the case of the P-LDM, thanks to the ID
synchronization of objects and the assignment scheme used,
only the objects assigned by the Platoon Leader to the PM
receiving the CPM are processed to be matched, while the rest
are discarded. As can be seen from Figure 7, in the Platoon CP
scenario, the processing time of CPMs increases linearly with
the number of objects included in each CPM and the number
of objects being stored and maintained by the receiving PM.
On the other hand, when leveraging the P-LDM, the processing
time increases linearly up to the average number of assigned
objects, reported in Table II for each platoon size considered
and a penetration rate of 0.1 (representing the most demanding
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Figure 9. Cumulative Distribution Function of the average IoU of all objects stored in the database at a given point in time.

case). Indeed, for CPMs with more objects than the ones
assigned to each PM, the processing time increases with a
flatter behavior compared to the Platoon CP counterpart, where
all objects are processed. As the number of Platoon Members
increases, the processing time for each CPM becomes more
dependent on the total number of objects stored in the database
as opposed to the number of objects present on each CPM.

Intuitively, for a higher penetration rate, the number of
objects stored in the database decreases for both scenarios, as
showcased in Figure 8. As a result, when considering the P-
LDM, each PM is assigned with fewer PPOs, achieving lower
processing times for the same number of objects included in
CPMs. On the other hand, for the Full CP scenario, there is
no significant difference in the processing time for equally
sized CPMs when the penetration rate is increased. It is worth
noting that even if there are fewer perceived objects for higher
penetration rates, both connected and detected vehicles are
considered for the matching process. Indeed, when changing
the penetration rate, the combined sizes of PPOs and CVs
stored in the databases remain stable.

Table II
AVERAGE NUMBER OF PLATOON PERCEIVED OBJECTS BEING HANDLED,

I.E., BEING PROCESSED FOR EACH CPM RECEPTION.

Penetration Rate Platoon Members P-LDM Platoon CP

0.1
10 1.83 8.21

15 2.01 10.98

20 2.28 14.16

0.5
10 1.55 3.99

15 1.78 7.70

20 1.96 9.36

C. Perception robustness

The cooperative perception concept has been devised to
expand the local view of each CV for the execution of the
so-called Day-2 and beyond [39] set of applications, such as
platooning. Indeed, as the vehicle ’view’ of the road broadens,
maneuvers are executed in a more timely and safe manner. As
outlined in Section II, many challenges arise in keeping an
updated view of the road through the distributed exchange of
CPMs without creating unnecessary redundancy, resulting in
both communication and computational overhead.

For our simulation campaign, in addition to measuring the
performance of the P-LDM in terms of computational load,
we have measured the achieved robustness of the cooperative
perception of the road. The two Key Performance Indicators
(KPIs) we have chosen for perception robustness are the total
number of PPOs stored in the database and the average IoU
of all PPOs. For each simulation step (50 milliseconds), the
database of each Platoon Member has been compared to the
ground truth extracted from CARLA to compute the average
IoU of all perceived objects stored. For both P-LDM and
Platoon CP, each entry in the database is retained for up to 2
seconds. If not updated by a V2X message or local perception,
it is deleted. Such criterion has been taken considering that all
perceived objects in both scenarios are, in fact, highly dynamic
vehicles. Indeed, outdated perceptions can hinder the execution
of applications relying on them, such as platoon control.

The results for the different numbers of platoon members
and penetration rates are shown in Figure 9, where the
Cumulative Distribution Function of the measured average
IoU is depicted for both P-LDM and Platoon CP scenarios.
When considering a penetration rate of 0.1, the distribution
of Platoon CP initially provides higher IoU values than the
P-LDM for all platoon sizes. This behavior is obtained due
to local perceptions being updated with a higher frequency
compared to the P-LDM messages, resulting in ’fresher’ (more
accurate) perceptions. In the Platoon CP scenario, the average
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perception accuracy is biased by the high accuracy of local
perception, as most stored perceptions are indeed local at
any given time. On the other hand, the P-LDM entries are
updated only by the assigned PM. As a result, objects are
updated solely through P-LDM messages, even if they are
perceived locally. Thus, the average of all the perceptions at
a given point in time does not contain the bias from local
perception, resulting in a flatter distribution. Moreover, to
ensure computational fairness alongside perception robustness,
the assignment algorithm might allocate objects to PMs that
are not the closest. This is particularly noticeable for objects
located at the edges of the platoon, which, together with the
skipped updates when an object assignment is changed from
one PM to another, results in lower average accuracy mea-
surements by the P-LDM for 50% of the time. Nevertheless,
for all the considered cases, except for 15 Platoon Members
and a penetration rate of 0.1, the P-LDM achieves a slightly
higher perception accuracy overall. It is important to note that
while the P-LDM does not achieve a significant increase in
perception accuracy, it does significantly increase the number
of perceived objects stored in the database, as demonstrated
in Figure 8, without sacrificing accuracy.

When analyzing the cases with a penetration rate of 0.5,
the overall accuracy shows similar values for both scenarios.
In the case of Platoon CP, the local perception bias fades as
there are fewer local perceived objects to generate it. Indeed,
both distributions show similar trends, with even the P-LDM
showing a sharper distribution product of fewer objects to be
assigned to PMs, allowing for a better assignment in terms of
perception robustness.

D. Platooning awareness

After analyzing the benefits of leveraging the P-LDM
for computational load and perception robustness, we now
evaluate how they translate into the effective execution of
platooning maneuvers. To this end, we have configured our
simulations to include an intruder vehicle to intervene with
platoon control execution by cutting in between two members.
The awareness of this intruder representing a legacy, non-
connected, and human-driven vehicle relies solely on the
sensor perception of PMs. Thus, the platoon’s timely and safe
reaction will depend on the achieved cooperative perception.

The results for the platoon speed profile is shown in
Figure 10 for a platoon size of 10 members leveraging the
P-LDM on the left and leveraging the Platoon CP scheme
on the right. At the beginning of each 60-second simulation,
the platoon is already formed, and all vehicles are stationary.
The PL, programmed to reach a desired platoon speed of
20 m/s, starts speeding up, and all PMs adjust their control
inputs accordingly to match the PL’s speed profile, as depicted
in Figure 10 from 0 to 30 seconds of simulation runtime.
Once the entire platoon reaches the desired speed (phase 1
in Figure 6), the intruder vehicle traveling along the merging
entrance ramp adjusts its speed to arrive at the merge lane
after 35 seconds (phase 2 in Figure 6), simultaneously with
the platoon. After an adjusting period, in which the intruder
reaches a suitable spot between 2 PMs, the cut-in maneuver

is performed (phase 3 in Figure 6), highlighted with a grey
background in Figure 10. As hinted at the beginning of the
section, all PMs perform an obstacle check on each controller
step. For this check, either the PM’s LDM (in the Platoon
CP scenario) or P-LDM is queried to provide all potential
vehicles to be found in front of it. When a vehicle different
from the preceding PM is found to be the immediate vehicle
in front, all the information needed for the CACC controller
calculations is taken from the LDM/P-LDM instead of the
dedicated Platoon Control Messages. After the intruder has
started interfering with the platoon, and as soon as the PM
behind is aware of it, the platoon performs the necessary
adjustments to restore the original distance between members
as if the intruder were a new member (phases 4 and 5 in
Figure 6). It is worth mentioning that the intruder is configured
to follow the platoon until the end of the simulation, locking its
speed onto the one of the Platoon Leader. As can be seen, when
the intruder starts interfering with the platoon, the preceding
vehicle and the rest of the platoon members reduce their speed
until the desired inter-distance of 10 meters with the intruder
is restored. Since the desired acceleration computed by the
CACC controller depends not only on the distance with the
vehicle in front but also on the speed, the speed estimation of
the intruder perception is key for the correct platoon reaction.
When comparing the behavior relying on the P-LDM with the
one of the Platoon CP, it can be observed that the initial speed
reduction by the PMs is much more abrupt in the Platoon CP.
The reason behind these different behaviors is the different
speed estimation achieved in the two scenarios, with the P-
LDM deriving a more accurate value by keeping track of the
intruder longer than the Platoon CP does. In the Platoon CP
scenario the intruder’s speed estimation is mostly computed
through local perceptions with sporadic updates from received
CPMs. Given that the speed estimation in our system is done
using a Kalman filter with position samples, the longer the
object is tracked, the more accurate the speed estimation will
be. Thus, since the P-LDM perception of the intruder is tracked
for a longer time, the speed estimation is more accurate when
the cut-in maneuver is performed by the intruder, and the PM
does not overreact.

It is worth mentioning that the results shown in Figure 10
correspond to a single simulation, and it is shown here for
descriptive purposes. To provide a more comprehensive view
of the results, we have aggregated the results into three KPIs
comparing the platoon reaction to an intruder: the average
speed difference between PMs and PL, the minimum distance
measured between PMs and the minimum Time To Collision
between PMs. All the KPIs are computed with the measure-
ments from the moment the cut-in maneuver begins (at 40
seconds) until the end of the simulation. Intuitively, the results
for the mentioned KPIs are more influenced by the platoon size
compared to the penetration rate, with the latter affecting the
distribution of vehicles to be detected and not affecting the
perception of a single vehicle (the intruder). For this reason,
we only present results for a penetration rate of 0.1.

The average speed difference between PMs and PL has been
computed with the values of all speed differences between
each PM and the PL along the duration of the intrusion,
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Figure 10. Instantaneous speed of each Platoon Member over time in m/s. The green dashed line at 20 m/s represents the desired platoon speed. The grey
background signals the presence of the intruder within the platoon.

capturing both the speed adjustment when the intruder cuts
in as well as the recovery to nominal speed. As showcased in
Figure 11, for the case of 10 platoon members, the P-LDM
achieves a much lower speed difference, resulting in a safer
and faster reaction. Indeed, the minimum measured distance
between PMs is not lower than 7 meters on average, as
opposed to 3.5 meters for the Platoon CP scenario. However,
as the platoon size increased, the P-LDM scenario showed a
remarkable performance deficit compared to Platoon CP for
the same number of members. Instead, since local perception
is the main source for the Platoon CP, very similar results are
obtained for all platoon sizes. The reason behind the worse
performance of the P-LDM with a higher number of PMs
lies in the higher number of candidates for the assignment
of the intruder object, resulting in many more assignment
changes during the considered intrusion. Such changes in
assignment, from one PM to another, result in the control
process using delayed perceptions of the intruder. Although
an abrupt change in performance is obtained for the average
speed difference, which is affected by the duration of the
platoon reaction, the minimum distance and minimum time
to collision measurements show a more linear performance
decrease. Thus, with the P-LDM, a safer platoon reaction is
achieved compared to the Platoon CP baseline for all platoon
sizes, albeit with slower re-adjustment when platoon sizes are
increased.

In summary, we have shown how the performance of the
P-LDM service is sensitive to platoon size and penetration
rate. As the platoon size increases, each PM’s database
grows, leading to longer processing times due to the higher
number of objects that must be handled. However, the P-
LDM’s assignment strategy limits the processing load per
PM, effectively mitigating this effect. Meanwhile, a higher
penetration rate reduces the overall number of perceived ob-
jects, thereby decreasing the computational load and process-
ing time. Regarding perception robustness, as the penetration
rate increases, the P-LDM offers an improved performance
compared to the CP counterpart due to less local perception
bias. For platooning awareness, smaller platoon sizes yield
more responsive adjustments and safer inter-vehicle distances,

while larger platoons may experience increased assignment
changes that slightly delay recovery. Overall, the sensitivity
analysis confirms that the P-LDM service remains robust
under varying conditions, with performance improvements
particularly notable in scenarios with lower penetration rates
and smaller platoon sizes.

VII. CONCLUSION

In this paper, we have proposed and evaluated the Platoon
Local Dynamic Map (P-LDM) service, featuring a hierarchical
cooperative perception scheme to efficiently and effectively
achieve enhanced context awareness for platooning vehicles.
Our system addressed the challenges introduced by the pres-
ence of highly redundant context information by distributing
the context data aggregation among all the Platoon Members
(PMs), thus avoiding overloading them with perception tasks.

The P-LDM creates a unified database of context data for
the entire platoon, orchestrating the data aggregation process
by assigning specific portions of the context to each PM.
Each PM is responsible for updating the portion of the
context data that has been assigned by the PL, who is in
charge of database management. A set of V2V messages has
been devised for periodically updating the portion of context
information assigned to each PM and for periodically updating
the assignment of PPOs by the PL.

The PPO assignment selection problem has been formulated
and solved as a multi-objective optimization problem seeking
to optimize the total computational load, the computational
fairness among PMs and the context’s perception robustness.
We have developed custom heuristic solutions and compared
them with the well-established Non-dominated Sorting Ge-
netic Algorithm II (NSGA-II). Our performance and scalability
evaluation for the considered heuristic algorithms showcased
the superior efficiency of our proposed algorithms compared
to NSGA-II while obtaining comparable optimization results.

We validated our service using a novel simulation frame-
work that combines CARLA and ns-3, allowing for accurate
modeling of perception processing, vehicle control, and wire-
less communication. In addition to a new enhanced imple-
mentation of our proposed service, first presented in [5], we
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Figure 11. Average member speed difference with platoon leader at intruder cut-in, average member inter-distance at intruder cut-in and average Time To
Collision between members at intruder cut-in.

have implemented the field-tested platooning protocol defined
in [4]. Confronting our solution to ETSI’s baseline scheme
for cooperative perception, in which all PMs process received
messages in a fully decentralized manner, the P-LDM achieves
superior efficiency in terms of message processing time and
an extended context perception without loss of accuracy.
Moreover, thanks to the more stable context awareness of
the P-LDM, a more effective and safer platoon reaction to
interfering human-driven vehicles is obtained.

Future work will include integrating advanced machine
learning techniques for the object assignment procedure, where
data-driven models could adaptively learn optimal task al-
location strategies and improve perception robustness under
varying traffic conditions. We also foresee extending the P-
LDM architecture to other vehicular applications beyond pla-
tooning, such as Maneuver Coordination use cases [40], where
the hierarchical perception could provide a more scalable and
reliable view of the shared environment. By broadening the
scope of P-LDM and leveraging contemporary AI models, it
will be possible to handle an even larger number of perceived
objects and more complex application requirements, ultimately
enhancing overall safety and efficiency in future connected and
automated transportation systems.
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