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Abstract
Accurate perception and localisation of dynamic objects is crucial for autonomous

vehicles to navigate complex environments and avoid collisions. However, onboard

sensing often struggles with complex environments due to the challenges associated

with occlusion, hindering progress in achieving advanced levels of vehicle auton-

omy in these environments. Cooperative driving automation has emerged as an

enabling technology for the development of safer vehicles by using shared percep-

tion information to enhance the situational awareness of the ego-vehicle. Despite

V2I collaboration demonstrating numerous bene�ts and opportunities, it has not yet

been adopted as an industry vertical. This lack of widespread adoption can be at-

tributed to several technical and operational considerations that must be thoroughly

understood and addressed before this technology can be successfully implemented

on a large scale. To enable the safe deployment of Cooperative Driving Automation

applications, it is essential to investigate how such systems perform under realistic

deployment conditions, where factors such as positioning uncertainty, communication

delays, and calibration errors are non-zero.

This thesis explores the feasibility of V2I map fusion in real-world deployments,

amidst the current technological, operational, and regulatory landscape. To address

this, the thesis will evaluate enabling technologies, identify deployment challenges,

develop a dataset, and quantify the impact of real-world pose alignment errors on

map fusion performance. Firstly, a review of the current state-of-the-art for multi-

agent and single-agent environmental sensing, perception, and mapping is provided.

Then, the practical considerations for V2I CDA deployment in real-world conditions

are examined. Following this, a heterogeneous, multimodal dataset captured from

the infrastructure perspective is introduced to enable systematic evaluation of CDA
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Abstract

technologies. Finally, the robustness of V2I map fusion by analysing the impact of

real-world pose alignment errors on V2I CDA is investigated.

This thesis shows that deploying V2I systems involves substantial challenges

spanning infrastructure sensor selection, edge computing optimisation, policy and

privacy issues, and economic viability. Experiments conducted demonstrate that

pose alignment errors from communication delay, calibration errors, and positioning

uncertainty can signi�cantly degrade collaborative perception reliability. Establish-

ing well-de�ned operational design domains and error thresholds is paramount to

ensuring the safety and reliability of V2I systems as they scale up. To utilise the

technology's full potential, a gradual rollout strategy in small controlled use cases

is necessary, enabling stakeholders to address technical and regulatory challenges in

manageable settings.
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Chapter1

Introduction

According to the World Health Organisation (WHO), road tra�c collisions claim

the lives of approximately 1.2 million individuals each year, with Vulnerable Road

Users (VRU) accounting for over half of these fatalities [1]. Furthermore, an ad-

ditional 20 to 50 million individuals sustain non-fatal injuries, often resulting in

disability. These injuries result in substantial economic losses for individuals due to

medical expenses and lost productivity of those killed, disabled, or caring for the

injured. The economic cost of road tra�c crashes is estimated to be around 2% of

the gross domestic product for most countries [2]. Automated mobility applications

and ITS are envisioned to reduce the number of road accidents globally. Automated

mobility applications, such as robotaxi services and Advanced Driver Assistance Sys-

tems (ADAS) promise to deliver signi�cant bene�ts across multiple domains. These

applications can enhance road safety, optimise tra�c 
ow e�ciency, and reduce fuel

consumption, while also providing substantial environmental and economic advan-

tages.

Despite the rapid pace of technological development, there are still several chal-

lenges that hinder the rollout of truly safe, robust, and reliable autonomous vehicles.

Limited situational awareness is one key challenge that a�ects both human drivers

and autonomous vehicles alike. Vehicles perceive the environment through a num-

ber of onboard multi-modal sensors [3{5], to generate a Dynamic Environmental

Map (DEM) consisting of information about the surrounding environment. How-

ever, the vehicle's understanding of its surroundings is limited because it relies solely
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Chapter 1: Introduction

Figure 1.1: Scenario of a darting child from behind a parked vehicle.

on observing the environment from its own onboard perspective. As a result, several

common tra�c scenarios, such as darting pedestrians [6], VRU occlusions [7], and

vehicles emerging from concealed entrances, all pose a signi�cant challenge. Figure

1.1 shows a common road safety hazard, where a darting child suddenly enters the

vehicle's path from an occluded area. These visual obstructions signi�cantly reduce

the driver's reaction time, increasing the risk of collisions that could result in serious

injury or death. This commonly cited scenario is further illustrated in Figure 1.2(a),

where a pedestrian attempting to cross the street is occluded by a parked bus, pre-

venting an oncoming vehicle from perceiving the pedestrian. Such scenarios highlight

the need for intelligent vehicles to employcooperative perception , enabling them

to perceive the environment beyond their direct line of sight.

Cooperative Driving Automation (CDA) [8] has emerged as a technology that

enables the development of safer and more e�cient Connected and Autonomous

Vehicles (CAV) [9,10] by sharing and receiving perception information from nearby

agents, thus extending the scene coverage and improving the ego vehicle's situational

awareness. These agents can be other CAVs, connected infrastructure, or VRUs

with smart wearables. Connected infrastructure, also known as Fixed Sensor Nodes

2



Chapter 1: Introduction

(a) Occluded Pedestrian Scenario (b) V2V Collaborative Perception

(c) V2I Collaborative Perception (d) V2X Collaborative Perception

Figure 1.2: Examples of collaborative perception for detecting occluded pedestrians, where the

ego-vehicle FOV is represented in white, the CAV FOV is in blue, and the FSN FOV is represented

in orange. The ego-vehicle (A) is moving right-to-left in the �gure. (a) The pedestrian is occluded

by the bus and not visible to vehicle A. (b) V2V collaborative perception where vehicle B detects

the pedestrian occluded from vehicle A's view and shares this information with vehicle A. (c)

V2I collaborative perception where the FSN embedded in the environment detects the occluded

pedestrian and shares this information with vehicle A. (d) V2X collaborative perception where

vehicle A receives information about the occluded pedestrian from both vehicle B and a FSN.

(FSN), is utilised by Vehicle-to-Infrastructure (V2I) CDA. FSNs are a collection

of sensors mounted at an elevated viewpoint, with built-in wireless connectivity and

data processing units. The primary advantage of a FSN is an elevated viewpoint that

mitigates the issues of occlusion and is constantly available to monitor complex or

dangerous road segments such as complex intersections, areas with dense pedestrian
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1.1 Background

activity, and locations with limited visibility. Using the shared information between

the agents, the cooperative driving participants jointly plan and execute driving

manoeuvres [11], increasing safety, tra�c e�ciency [12], and consequently reducing

the number of injuries or fatalities.

Collaborative perception is an essential component of CDA. Vehicle-to-Vehicle

(V2V) collaborative perception involves the collaboration between multiple CAVs,

while Vehicle-to-Infrastructure (V2I) collaboration involves FSN and connected vehi-

cles working together. Vehicle-to-Everything (V2X) collaborative perception encom-

passes all of the previously mentioned collaborative agents, enabling a comprehensive

approach to perceiving and understanding the driving environment. This thesis fo-

cuses on V2I collaborative perception, which is the task of a FSN jointly perceiving

and sharing information with CAVs, which can be formulated as a map-merging

problem between the FSN and the ego-vehicle [13, 14]. Figure. 1.2(b), 1.2(c), and

1.2(d) illustrate scenarios where V2V, V2I, and V2X cooperation can aid the ego

vehicle in detecting an occluded pedestrian. Figure 1.3 depicts some of the key

components required for a vehicle-to-infrastructure environmental model.

1.1 Background

The release of Society of Automotive Engineers (SAE) J3216 [16] standards

for CDA applications highlights the importance of, and potential for collabora-

tive driving. Four cooperation classes are de�ned: Status-Sharing, Intent-Sharing,

Agreement-Seeking, and Prescriptive Cooperation.

Class A, or status-sharing cooperation, involves the sharing of perception data

and location with other agents. This type of cooperation provides transparency by

allowing agents to access information about what others perceive, along with their

location, yet leaves interpretation and decision-making to each individual system.

While status-sharing enhances situational awareness and expands the spatial aware-
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1.1 Background

Figure 1.3: Key components in a Vehicle-to-Infrastructure global environmental model, adapted

from [15]. The �nal decision is made by the CAV. The green arrow represents the C-V2X supported

infrastructure-to-vehicle wireless communication link, which transmits messages to the ego-vehicle's

on-board unit (OBU).

ness of the receiver, it does not ensure alignment in interpretation or coordinated

action, limiting its e�ectiveness in complex, dynamic contexts.

Intent-sharing cooperation extends communication to include not only perception

information but also planned future actions or strategies. Through this exchange,

the ego vehicle and other participants within the environment gain the ability to

anticipate and adapt to each other's behaviours with greater accuracy, thereby re-

ducing uncertainty and the likelihood of con
ict. The future state of the sender is

predicted from their kinematic state (i.e., position, velocity, and orientation) and

projected path. Similarly, the other participants' future states can be predicted from

their estimated projected path, based on their kinematic state, but also from visual

indications of intention, such as a turning signal or brake lights. Despite improving

predictive capacity, intent-sharing lacks mechanisms for resolving con
icting goals

or negotiating mutually acceptable courses of action, leaving open the possibility of

uncoordinated outcomes when intentions diverge.

Agreement-seeking cooperation introduces an explicit negotiation process through
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which the ego vehicles and other automated driving systems on the road collaborate

with each other by exchanging proposals, acceptances, or rejections to arrive at a

consensus regarding joint action. The ego vehicle proposes an action to jointly exe-

cute, and the accompanying participants can either accept or reject it to execute this

Dynamic Driving Task (DDT). This form of cooperation ensures that participants

not only understand each other's intended actions but also coordinate those actions

toward shared objectives. Agreement-seeking is particularly important in complex

operational environments where the independent DDT could lead to ine�ciencies or

accidents. Nevertheless, this approach introduces additional overheads, as negotia-

tion requires iterative exchanges and mechanisms for resolving disagreements, which

may complicate real-time decision-making.

Prescriptive cooperation establishes a hierarchical relationship in which auto-

mated driving systems in the environment are required to adhere to a set of prescribed

actions by an authoritative body. In this mode, agents adhere to instructions issued

by an authoritative entity, thereby ensuring uni�ed and highly structured execution

of tasks. Prescriptive cooperation enables maximum coordination and e�ciency, par-

ticularly in situations requiring centralised control, such as emergency response or


eet management.

Furthermore, there are several ongoing e�orts by many institutions to address

the challenges associated with enabling cooperative driving. The Grand Coopera-

tive Driving Challenge (GCDC) provided a competitive platform to facilitate the

advancement of cooperative driving. In 2009, the GCDC [17] primarily focused on

V2V cooperation, where the competition required participants to demonstrate vehi-

cle platooning and platoon merging in scenarios such as highway and urban junctions.

In 2016, the GCDC [18] introduced interoperable wireless communication and more

complex tra�c scenarios derived from the Cooperative Intelligent Transport System

(C-ITS) standards. The SARTRE platooning program [19] is another initiative run

by the European Commission to advance vehicle platooning capabilities on public
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motorways.

The US Department of Transportation (DoT) is advancing CDA through two

key initiatives: CARMA [20] and IntelliDrive [21]. These programs aim to integrate

CDA technology into the existing transportation system. The CARMA Program

[20] explores applications of CDA in three distinct tracks: tra�c, reliability, and

freight. The tra�c track aims to identify how CDA can reduce congestion and

improve tra�c 
ows. The reliability track addresses issues around non-recurring

tra�c due to accidents or construction work, and how CDA can mitigate the e�ects

of this. The freight research track investigates how CDA can improve e�ciency in

ports by improving freight movement reliability. Researchers from the IntelliDrive

program [21] investigate how CDA can improve safety and mobility while reducing

environmental impact.

While both European and US initiatives share the common goal of advancing

cooperative driving, their approaches di�er signi�cantly. GCDC and SARTRE pro-

grams have emphasised competitive demonstrations and real-world implementation

on public roads, particularly focusing on platooning technology. In contrast, the US

programs take a more systematic, multi-track approach, addressing various aspects

of transportation infrastructure integration. The CARMA program's three-track

structure represents a more comprehensive strategy compared to the European focus

on speci�c use cases. By integrating with existing transportation infrastructure, this

approach will accelerate the adoption of the technology, as the associated industries

could bear the initial costs.

Another core topic of interest for CDA is V2I cooperative driving. As previously

discussed, in scenarios with signi�cant occlusions, leveraging infrastructure sensors

improves safety and tra�c e�ciency. As a result, several projects aim to address the

challenges and advantages of V2I cooperation.

Both MEC-View [22] and Providentia++ [23] investigated how V2I cooperation

can be bene�cial for VRU safety and tra�c 
ow. Particularly, they focus on how
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limitations of onboard sensing can be mitigated by a FSN sharing information with an

autonomous vehicle. In MEC-view [22], the data from a multi-modal sensor system

are fused to generate a local environmental model; this local model is shared with the

ego vehicle to generate a uni�ed environmental model. INFRAMIX [24] studied how

V2I cooperation can support the transition of fully autonomous vehicles onto roads

while coexisting with conventional vehicles. As a result of this project, Infrastructure

Support for Automated Driving (ISAD) [25] schemes were introduced. ISAD is an

infrastructure classi�cation scheme that de�nes the levels of infrastructure-based

cooperation and the information required to be exchanged.

When comparing these initiatives, it is evident that distinct approaches are taken,

but they have a shared objective of addressing VRU safety and tra�c 
ow. MEC-

View emphasises a multi-modal sensor fusion approach to create local environmental

models. Providentia++ takes a broader perspective on infrastructure integration.

INFRAMIX focuses on the transition period where autonomous and conventional

vehicles must coexist, introducing the standardised ISAD classi�cation scheme. This

represents a more systematic approach to infrastructure integration compared to the

more technically focused solutions of MEC-View and Providentia++.

1.2 Motivation

Cooperative Driving Automation has demonstrated great potential for advancing

the �eld of ITS. In particular, V2I collaborative perception o�ers numerous bene-

�ts and opportunities. However, despite its potential, V2I cooperative perception

has not yet been widely adopted as an industry vertical. This lack of widespread

adoption can be attributed to several technical and operational considerations that

must be thoroughly understood and addressed before this technology can be suc-

cessfully implemented on a large scale. To enable the safe deployment of CDA

applications, it is essential to investigate how such systems perform under realistic
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deployment conditions, where factors such as positioning uncertainty, communica-

tion delays, and calibration errors are non-zero. Furthermore, a signi�cant amount

of existing research has been dedicated to V2V cooperative perception. This focus

can be attributed to the fact that the majority of costs associated with deploying

V2V systems are already incorporated into the price of each individual vehicle, elim-

inating the need for signi�cant additional expenditure on infrastructure installation.

In contrast, V2I cooperation remains a relatively underexplored area of research.

Despite its potential bene�ts, Vehicle-to-Infrastructure collaborative map fusion

has not been widely adopted by the relevant automotive Original Equipment Manu-

facturers (OEMs). This lack of adoption raises questions about the factors hindering

the widespread implementation of V2I collaborative map fusion as a solution for

promoting safer ITS. Consequently, the research objective of this thesis is to inves-

tigate the reasons behind the limited adoption of V2I collaborative map fusion and

identify the associated problems that impede its progress. As a result, the problem

statement of this thesis can be formulated as\investigating the feasibility of

Infrastructure-Vehicle collaborative mapping for Intelligent Transporta-

tion Systems in real-world deployments, amidst the current technological,

operational, and regulatory landscape" .

To address the problem statement, this thesis examines the following research

questions, which provide a comprehensive understanding of the factors in
uencing

the adoption and feasibility of V2I collaborative map fusion in real-world deploy-

ments:

1. What are the enabling technologies for Vehicle-to-Infrastructure col-

laborative map fusion, and what are the di�erent approaches for

single-agent and multi-agent sensing, perception, and mapping?

2. What are the main challenges hindering the widespread deployment

of Vehicle-to-Infrastructure collaborative map fusion in real-world
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scenarios.

3. How can a controlled Vehicle-to-Infrastructure dataset be designed

and collected to e�ectively represent real-world deployment condi-

tions and enable a fundamental data-level analysis of V2I map fusion?

4. What is the impact of inevitable real-world pose alignment errors,

such as positioning uncertainty, calibration drift, and communication

delays, on the performance V2I map fusion?

Research question 1 aims to identify the current capabilities and limitations of the

technologies that support V2I map fusion, including sensors, communication, data

processing, and map fusion approaches. By understanding the strengths and weak-

nesses of these enabling technologies in both single-agent and multi-agent scenarios,

it is possible to better assess the feasibility and potential challenges of implementing

V2I collaborative map fusion in real-world applications.

The second research question seeks to identify and analyse the challenges that

must be overcome to enable the successful implementation of V2I map fusion on a

large scale. By examining the impact of these challenges on various aspects of the

system, such as sensor choice, computational requirements, data privacy, and the

overall cost-e�ectiveness of the solution, the �ndings of this research question aim

to provide a comprehensive understanding of the barriers to widespread V2I map

fusion adoption.

Research question 3 provides a dataset with a heterogeneous multi-modal sensor

suite between the agents and allows for the exploration of di�erent deployment con-

ditions and domains, ultimately facilitating a comprehensive understanding of the

limitations and challenges associated with V2I map fusion in practical scenarios.

The �nal research question aims to identify the limitations of map fusion in the

presence of real-world errors and determine the speci�c conditions and environments

in which CDA can operate e�ectively. By investigating the e�ects of pose alignment
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errors on map fusion performance, this research seeks to establish the boundaries of

CDA capabilities and provide insights into potential improvements for cooperative

perception algorithms. Understanding these limitations will help de�ne the Oper-

ational Design Domain (ODD) where CDA can be safely implemented, considering

factors such as the severity of pose alignment errors and the complexity of the op-

erating environment. Ultimately, this research question provides insights into the

feasibility of deploying V2I map fusion in real-world scenarios.

To conclude, this thesis investigates the feasibility of Infrastructure-Vehicle col-

laborative mapping for Intelligent Transportation Systems in real-world deployments,

taking into account the current technological, operational, and regulatory landscape.

By conducting this assessment, insights are gained into the reasons behind the lim-

ited adoption of V2I collaborative map fusion and identify the associated challenges

that hinder its progress.

1.3 Contributions

As previously discussed, this thesis investigates the feasibility of Vehicle-to-Infrastructure

map fusion in real-world deployments, considering the current technological, opera-

tional, and regulatory landscape. The research questions are addressed through the

following primary contributions:

� A comprehensive review of the current state-of-the-art enabling technologies

for Vehicle-to-Infrastructure collaborative map fusion. The capabilities, limi-

tations, and challenges of sensors, communication, data processing techniques,

and map fusion approaches in both single-agent and multi-agent scenarios are

identi�ed in [14].

� Deployment challenges hindering the widespread adoption of V2I collaborative

map fusion are identi�ed and analysed. Examined the challenges related to
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sensor selection, real-time computation, privacy preservation, and economic

feasibility in [14].

� A controlled V2I dataset representing real-world deployment conditions, fea-

turing a heterogeneous multi-modal sensor suite between agents. This dataset

enables fundamental data-level analysis of V2I map fusion by exploring di�er-

ent deployment conditions and domains. Furthermore, it enables a comprehen-

sive understanding of the limitations and challenges associated with V2I map

fusion in practical scenariosin [26]. The contri butions of the thesis author

(second author of [26]) primarily focusedon researchactiv ities (58%), tech-

nical pipeline (48%) and data collection and management pipeline (38%). A

detailed breakdown of contri butions by task is provided in table A.1.

� Characterisation of the impact of real-world pose alignment errors on V2I map

fusion performance, using the vehicle and FSN data from the aforementioned

dataset, identifying the e�ects of positioning uncertainty, calibration drift, and

communication delays. This work also determined the challenges of deploying

CDA and provided insights into the feasibility of deploying V2I map fusion in

real-world scenarios in [27].

1.4 Publications to date

The contributions of this thesis have contributed tothree journal papers , two

of which have beenpublished , and one is in submission.

1. R. George , J. Clancy, T. Brophy, G. Sistu, W. O'Grady, S. Chandra, F.

Collins, D. Mullins, E. Jones, B. Deegan, M. Glavin \Infrastructure Assisted

Autonomous Driving: Research, Challenges, and Opportunities"Open Journal

of Vehicular Technology, vol. 6, pp. 662{716, 2025.Paper has been selected

as an IEEE OJVT featured article .
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2. R. George , D. Molloy, T. Brophy, W. O'Grady, D. Mullins, E. Jones, B.

Deegan, M. Glavin \The Impact of Pose Alignment Errors on a Classical Late

Infrastructure-Vehicle Collaboration Framework Using Experimental Data"Open

Journal of Vehicular Technology, vol. 6, pp. 2101{2130, 2025.

3. D. Molloy, R. George , T. Brophy, B. Deegan,D. Mullins, E. Ward, J. Horgan,

C. Eising, P. Denny,E. Jones,M. Glavin \G -MIND: Galway Multi modal Infras-

tructure Node Dataset for Intelligent Transportation Systems" Open Journal

of Vehicular Technology, vol. 7, pp. 491{ 509,2026.

1.5 Thesis Structure

The remainder of this thesis describes the background, experimental system,

methods, and results used to address the primary research objective. The thesis

is structured as follows:

� Chapter 2 provides a review of the current state-of-the-art for multi-agent and

single-agent environmental sensing, perception, and mapping. This chapter

identi�es the capabilities and limitations of the enabling technologies for V2I

collaborative map fusion.

� Chapter 3 examines the practical considerations for V2I CDA deployment in

real-world conditions. This section discusses the challenges concerning sensor

selection, real-time computation, privacy, and economic feasibility.

� Chapter 4 introduces G-MIND, a heterogeneous, multimodal dataset captured

from the infrastructure perspective. This chapter details the dataset design,

collection process, and applications, establishing its role in enabling systematic

evaluation of CDA technologies.
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1.5 Thesis Structure

� Chapter 5 investigates the robustness of V2I map fusion by analysing the im-

pact of real-world pose alignment errors on V2I CDA. Using experimental stud-

ies, this chapter quanti�es the e�ects of communication delays, positioning un-

certainty, and calibration errors, o�ering insights into system tolerances and

the conditions under which CDA can operate reliably.

� Chapter 6 identi�es future research directions, building on the �ndings of this

thesis to propose opportunities for advancing CDA. This includes open ques-

tions in multimodal sensing, map fusion, system robustness, and large-scale

deployment considerations. Following this, this chapter concludes the thesis

by summarising the key �ndings, re
ecting on the overarching research ob-

jectives, and discussing the implications of this work for the feasibility and

deployment of CDA in real-world intelligent transportation systems.
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Chapter2

Collaborative Driving Automation:

Enabling Technologies

Work from this chapter was published in IEEE Open Jour-

nal of Vehicular Technologies in 2025 in a review paper

entitled \Infrastructure Assisted Autonomous Driving: Re-

search, Challenges, and Opportunities".

This chapter reviews the enabling technologies that support V2I map fusion,

with a focus on environmental sensing, environmental perception, and environmental

mapping. The motivation behind this chapter is to address the question of what

enabling technologies are available for V2I collaborative map fusion, and what are

the di�erent approaches for single-agent and multi-agent sensing, perception, and

mapping?

This chapter is structured as follows: Section 2.1 focuses on the di�erent sensing

modalities and their relative strengths for robust environmental sensing from a FSN

perspective. Section 2.2 reviews the various methods for processing sensor data and

extracting object, semantic, and tracking information from both single-agent and

multi-agent multimodal data. Section 2.3 then discusses di�erent formats for map-
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2.1 Environmental Sensing

ping the scene, with a particular focus on spatial and temporal alignment methods.

Finally, Section 2.4 concludes the chapter by summarising the key insights.

The review presented in this chapter highlights both the state of the art and the

limitations of current approaches. Speci�cally, it examines the relative strengths and

weaknesses of di�erent sensing modalities under diverse operating conditions. Fol-

lowing this, it analyses perception methods for extracting meaningful information

from multimodal inputs and discusses mapping strategies, with particular empha-

sis on the approaches and challenges of cooperative map fusion. Collectively, these

sections provide a structured understanding of the technological landscape that en-

ables V2I collaborative map fusion. Ultimately, this chapter forms the basis of the

subsequent chapters that follow.

2.1 Environmental Sensing

This section provides an overview of the components required to accurately per-

ceive the environment from a FSN perspective. Particularly, this section reviews how

to \sense" the environment and how to share this information. As previously dis-

cussed, accurate perception and comprehension of the environment is an important

task for any autonomous driving application, as it provides information to make reli-

able and robust decisions for vehicle control [28]. Firstly, the information that needs

to be captured by a FSN will be identi�ed, along with the various sensing modalities

that are required to obtain this information. Following this, an overview of di�erent
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2.1 Environmental Sensing

calibration methodologies is provided. Finally, a discussion on V2X communication

technologies, message formats, message-sharing strategies, and resource allocation

will be provided.

It is important to discuss these enabling technologies since they form the basis

of cooperative perception. The sensor selection section will provide an overview of

a number of sensor modalities and the factors to consider when deploying them. By

exploring these topics, insights into the key considerations involved in implementing

cooperative perception systems will be gained. This is essential for designing and

deploying e�ective solutions that leverage the strengths of di�erent sensor modalities.

2.1.1 Scene Information

It is important to identify the information that needs to be captured and pro-

cessed from a given scene. This can help determine the sensors that are required

on a FSN, while also outlining the functional capabilities of a FSN. The discussion

and analysis provided are necessary to understand the type of information contained

in a scene, and whether this information can be reliably sensed by a FSN. The �ve

main information types that a FSN can share include physical, semantic, localisation,

environmental, and metadata information.

Expanding on the work of Malik et al. [29], Eising et al. [30] introduced the

concept of the 4Rs of automotive computer vision: Reconstruction, Recognition,

Relocalisation, and Reorganisation. Reconstruction refers to inferring 3D scene ge-
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2.1 Environmental Sensing

ometry in a point cloud or voxelised representation along with object pose, that di-

rectly corresponds to the physical information that a FSN must share. Recognition

refers to adding semantic labels to entities that are detected in the scene, highlight-

ing the importance of semantic information. Relocalisation refers to localising the

vehicle relative to its surroundings. Reorganisation is a fusion of object, semantic,

and localisation information into a uni�ed representation. Thus, the 4Rs framework

reinforces the idea that a FSN must be capable of sharing physical, semantic, and lo-

calisation information as a uni�ed map, demonstrating the interdependency of these

information types.

Furthermore, the SAE J3216 standards [16] specify the information that needs to

be shared by a CAV for di�erent levels of CDA. For class A status-sharing cooper-

ation, the minimum shared information includes physical scene data such as object

class, attributes and pose, visual indicator cues like brake lights and turn signals, and

environmental details covering road conditions, weather, tra�c and events. Following

this, class B intent-sharing cooperation involves CAVs sharing their planned future

actions. For the CAV itself, this covers predicted future state and intended manoeu-

vres. CAVs can also share their perception of other road users' intent based on cues

like turn signals. Class C agreement-seeking cooperation entails a back-and-forth

negotiation between CAVs to coordinate actions. Key steps are seeking agreement

to cooperate, proposing speci�c actions such as manoeuvres or signal timing, and

accepting or rejecting the proposals. This allows CAVs to explicitly coordinate their
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2.1 Environmental Sensing

plans. Finally, Class D prescriptive cooperation involves CAVs giving each other

binding instructions, with the expectation that they will be followed. The directing

CAV can command speci�c vehicle motion control in terms of acceleration and steer-

ing, set dynamic tra�c rules like speed limits and lane usage, control infrastructure

such as tra�c signals, and issue high-priority instructions like emergency evacuation

orders. Prescriptive cooperation relies on pre-established protocols where CAVs have

agreed to follow directives in speci�c circumstances.

Similarly, according to the ISAD levels [25], a FSN-based cooperative sensing sys-

tem must perceive and transmit detailed tra�c information to the ego vehicle. This

is achieved by sharing a HD map containing precise geo-referencing points for locali-

sation, along with dynamic updates of the lane topology. The HD map encapsulates

both physical and semantic information, similar to the uni�ed map concept derived

from the 4Rs. However, the ISAD levels place a greater emphasis on the precision

and detail of the information, particularly for localisation and lane topology, com-

pared to the more general requirements of the SAE J3216 standard. This highlights

a di�erence in focus; the SAE standard focuses on minimum requirements for basic

cooperation, while the ISAD levels emphasise the need for detailed, high-precision

information for advanced autonomous driving.

The importance of physical object information and semantic scene labelling is

clear, as it is vital for scene mapping, obstacle avoidance, and vehicle control. Studies

conducted by Wen et al. [31], Deng et al. [32], and Gupta et al. [33] further
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2.1 Environmental Sensing

support the idea that physical and semantic information needs to be shared for a

complete understanding of the scene. In [31], Wen et al. thoroughly reviewed lidar,

camera, and lidar-camera fusion approaches for both 3D object detection and drivable

area detection, providing a comprehensive overview of di�erent approaches and their

e�ectiveness in capturing physical and semantic information. In addition to this,

[32] also identi�es the important role that localisation plays in accurately traversing

an environment, highlighting the interdependency of localisation with physical and

semantic information. A study by Gupta et al. [33] identi�ed that 3D physical

information and semantic information are needed for accurate scene understanding,

reinforcing the �ndings of [31,32].

The above-mentioned studies reinforce the importance of physical, semantic, and

localisation information shared as a uni�ed map for accurate scene understanding.

Based on [16], environmental conditions can also be shared to further augment an

ego vehicle's situational awareness.

Some useful metadata can include information timestamp, calibration informa-

tion and accuracy, global location of the FSN, unique identi�ers of the FSN, and

relative pose. Timestamps of captured information can be useful for temporally sync-

ing multiple perspectives, which can help mitigate errors in map fusion tasks and

multi-perspective localisation tasks. Due to ageing and environmental conditions, de-

viations can occur in camera parameters over time; thus, the information captured

and shared will contain inaccuracies that reduce the precision of downstream tasks.
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2.1 Environmental Sensing

Table 2.1: Overview of the information that a FSN can share.

Info. Type Description Justi�cation

Physical Object information: 3D geometry (centroid,

dimensions, orientation), classi�cation (ve-

hicle, person, cyclist), pose (position, veloc-

ity).

Important for scene mapping, obstacle

avoidance, object tracking, and future state

prediction.

Semantic Semantic information: drivable area (road

boundaries), lane topology (lane markings,

curvatures), and tra�c sign recognition.

Allows for a thorough understanding of the

scene by adding contextual information.

Localisation Localisation information: known landmarks

in the scene with accurate global/shared co-

ordinates.

Helps to accurately localise itself/ego-vehicle

in the scene, which improves the overall ac-

curacy of the global map.

Environmental Environmental information: road surface

conditions (friction), ambient weather (hu-

midity, air temperature), recurring events

(tra�c stops), and non-recurring events (col-

lisions).

Provides more information to the vehicle,

improving path planning.

Metadata Metadata information: visual indicators

(turning signals), calibration accuracy

(reprojection error), timestamp, and

global/shared location of FSN (longitude,

latitude, altitude, heading).

Metadata information can help the vehicle

verify and improve the accuracy of its own

detections.

By sharing calibration information, the ego vehicle can account for any deviations

that might occur, ultimately resulting in better decisions. In a system with multiple

FSNs jointly managing a global map, a unique node ID and accurate GPS location

can be useful metadata to share. This allows the ego vehicle to accurately geo-locate

information shared by the FSN and also compute the relative pose. Additionally, if

the relative pose is known by the FSN, then sharing this information can simplify the
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spatial alignment process. While all metadata types are useful, they serve di�erent

purposes, with some being more important for accuracy and others for system man-

agement. As a reference for the reader, table 2.1 categorises the types of information

that a FSN can share and describes why it can be useful.

2.1.2 Sensor Selection for V2X Systems

A FSN can employ a number of exteroceptive sensing modalities for the percep-

tion and mapping of the environment. These sensors can be categorised as either

active or passive sensors. Active sensors provide their own energy source to illumi-

nate a target and measure the re
ected or scattered energy, while passive sensors

detect naturally occurring energy (such as re
ected sunlight) or emissions from a

target without generating their own energy source. Lidars and radars are examples

of active sensors, and cameras are examples of passive sensors.

When selecting a sensor con�guration for a FSN, several key characteristics must

be considered. The Field of View (FOV) determines the angular extent of scene

capture on a given axis, whereas spatial resolution, measured in pixels per degree

(px/deg), de�nes the information density within that FOV. Temporal resolution

indicates the discrete time intervals at which information is captured. These fac-

tors, combined with other sensor-speci�c components, determine the sensor's data

rate, which dictates the volume of information transmission. The sensor's ability to

provide absolute distance measurements and semantic information signi�cantly in
u-
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ences its utility in scene interpretation. Distance measurement capability is particu-

larly important for accurate spatial mapping, while semantic information facilitates

higher-level scene understanding. Practical considerations such as sensor cost, which

is in
uenced by the manufacturing process's maturity, complexity, and material re-

quirements, play a vital role in large-scale deployment decisions. Additionally, the

sensor's resilience to adverse conditions, including low light and inclement weather,

is key to ensuring consistent performance across the range of environmental scenarios

encountered in the real world.

These characteristics: FOV, spatial and temporal resolution, data rate, distance

and semantic measurement capabilities, cost, and resilience to environmental con-

ditions, are a set of parameters that must be balanced to de�ne a sensor con�gu-

ration suitable for a speci�c deployment of the FSN. Figure 2.1 illustrates the key

characteristics of three commonly used automotive sensing modalities. The chosen

con�guration must provide comprehensive scene coverage, accurate measurements,

and robust performance while remaining cost-e�ective and suitable for the speci�c

deployment environment. Cost of the sensors, and the associated computational

hardware that goes with each sensor on a FSN is a signi�cant consideration because

it raises barriers to mass adoption.
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2.1 Environmental Sensing

Figure 2.1: Comparison of characteristics for Vision, lidar, and radar.

2.1.2.1 Passive Sensors

Cameras are exteroceptive sensors that operate passively by capturing di�erent

wavelengths of the Electromagnetic (EM) spectrum and storing that information

as an image. While there are various camera technologies employed in automotive

applications, the discussion in this section will focus on three camera types: RGB,

infrared, and neuromorphic.A comparisonof imagesfrom thesethree camera types

is presentedin �g ure 2.3.
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Figure 2.2: Operating principles of an RGB camera, adapted from [4].

RGB Cameras Conventional RGB cameras operate in the visible light spectrum,

ranging from 0.4� m to 0.7� m, converting photons to an electric charge via an image

sensor and subsequently converting it to a digital representation with further pro-

cessing. A Color Filter Array (CFA) is used to limit speci�c wavelengths of visible

light incident upon the image sensor. A Bayer �lter, acting as an RGB CFA, will

only allow wavelengths that correspond to red, green, and blue light spectra to be

incident on the image sensor. The resultant image will be passed from the image

sensor to an Image Signal Processor (ISP), which will incorporate the full-colour

information and optimise the image quality [34]. Figure 2.2 illustrates the operating

principle of an RGB camera and shows how an image is produced.

The FOV of cameras is dependent on the focal length of the lens [35] that's

attached and the image sensor size [36]. A larger FOV allows for the capture of

more information in the scene at a lower resolution. Wide-angle lenses, like those

in �sh-eye cameras, o�er a FOV of approximately 180� . Whereas, narrow FOV

cameras, generally 60� or less [37], capture a smaller FOV at a higher resolution.
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