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Abstract

Vehicular edge plays a central role in ensuring an effective allocation of resources to
provide services and applications. Resource allocation and communication in dynamic
vehicular environments face numerous challenges in efficiently managing resources and
data sharing, specifically managing the intricate balance of connectivity, storage, en-
ergy, computing, and cost of resources. These challenges are also affected by mobility,
resulting in the demand for precision in communication range, density, and resource
availability. Efficient resource allocation is a critical objective within vehicular net-
works, and to achieve this, intelligence, prediction, optimization, and incentive mod-
elling are often employed. However, challenges persist, such as sporadic connectivity,
transmission delays, and the inherent uncertainty of highly dynamic environments.
In response to these challenges, this paper introduces the use of graph neural net-
works (GNNs) to learn hidden spatial and functional patterns in complex vehicular
networks. Combining with clustering-based methodologies. This approach enables
the intelligent organization of network nodes, reducing transmission delays and en-
hancing connectivity in dynamic environments. The resulting framework supports
predictions and estimates based on evolving communication and mobility patterns.
They are further improving the efficiency of connectivity and communications in ve-
hicular edge networks. Using graph neural networks (GNN) and clustering techniques
to address connectivity challenges, reduce transmission latency, and manage the in-
herent unpredictability of rapidly changing vehicular settings, this study is poised to
enhance the delivery of services and applications in vehicular networks. It also lays

the foundation for prospective research into resource management.
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Chapter 1
Introduction

Technology and the future of intelligent cities with autonomous and semi-autonomous
vehicles are advancing rapidly. The trends and future of these cities allow improved
safety, exibility, and tra c management. Vehicular Cloud Computing (VCC) and
Vehicular Cloud (VC) introduce a form of Mobile Cloud Computing (MCC), which
enables the o oading of tasks to the edge, fog and cloud for more e cient compu-
tation [1, 2]. These paradigms leverage communication between vehicles and Service
Provider (SP) within the range of the requesting user [2], facilitating enhanced con-
nectivity and computation. To handle the tasks, SP typically presents vehicles with
available resources or cloud resources, such as cloudlets, Roadside Unit (RSU), and
remote cloud servers. Vehicles or nodes within the network frequently request tasks
to be computed or o oaded to the SP within the range [2]. These clouds usually
involve Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I), and Infrastructure-
to-Infrastructure (121) to communicate between the providers on the edge/fog and the
vehicles that submit the request [1, 2].

Many paradigms, such as VCC, Vehicular Edge Computing (VEC), Vehicular Fog
Computing (VFC), Vehicular Ad hoc Networks (VANETS), Virtual Network (VN),
and the Internet of Vehicles (IoV), improve upon the current approaches of VNs [1,
3, 4]. Many of these paradigms share commonalities, such as types of stakeholders
within the cloud network, cloud providers, cloud tenants/users, cloud service brokers,
and end users [5]. In addition to the various stakeholders, various tasks and processes
may be communicated, such as safety-related, collision avoidance, driver assistance,
tra c management, control, and information [2, 6, 7]. Each paradigm di ers slightly
in Intelligent Transportation Systems (ITS) strengths and problems, ranging from
design faults with allocation, cache, mobility, and communication.

An additional paradigm is ITS to enable services and applications through the
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previously mentioned paradigms (VCC, VEC, VFC, VANETS, VN, and loV) [8].ITS
helps smart vehicles to form the ability to gather and process data in real-time through
vehicles, sensors, and infrastructure [8, 9]. Furthermore, connected vehicles share the
collected and processed data and the infrastructure [9].

Transmission is problematic due to low latency requirements, Service Level Agree-
ment (SLA), and disconnecting in a highly mobile environment [6]. Computation and
storage experience issues when resources are not evenly distributed within the net-
work, causing overload or waste in resource availability [7]. The common theme is
to allocate resources e ciently and e ectively without compromising the Quality of
Service (QoS) for connectivity.

Numerous strategies have been devised to strengthen vehicular systems: intel-
ligent, predictive, stochastic, optimization, incentive, and pricing models and algo-
rithms. Intelligent techniques harness arti cial intelligence to aid resource alloca-
tion [6]. Predictive methods contribute to the estimation of resource requirements
([10]. Stochastic approaches deploy statistical models and policies for the estimation
of resource availability [6]. Optimization methods improve resource availability by
leveraging network resources or reducing workloads [11]. In addition, incentive and
pricing mechanisms stimulate resource sharing to distribute workload [6]. However,
these methodologies face challenges related to scalability and latency in resource allo-
cation. Scalability is critical because the complexity of decision making may not align
with real-time allocation requirements, and elasticity is crucial to scaling without dis-
rupting services [8]. Furthermore, connectivity is essential to minimize latency and
service interruptions [12, 13]. Consequently, addressing these multifaceted challenges
requires the interrelationships between nodes, such as vehicles, RSU, and towers.

Organizing and categorizing resources in dynamic environments is fundamental
to facilitating collaborative VNs. Graph Neural Network (GNN) support predic-
tion, clustering, and classi cation applicable to vehicular settings [14]. Special tra c
characteristics have been explored to address spatio-temporal interactions for predic-
tions [15], and temporal correlations have been studied to infer trends over time [16].
Estimating mobility through complex graph structures enhances vehicle connectivity,
making GNN indispensable for modelling complex, highly dynamic environments [17].
Clustering identi es groups of resources based on metrics such as mean, density, and
hierarchy [18].

Vehicular systems are susceptible to rapid and unpredictable changes, necessitat-
ing adaptive approaches. These dynamic shifts can cause inherent instability, reduce
the duration of network connections, and complicate the delivery of services within
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the network. In this context, this thesis presents the integration of GNN to harness
the intricate topological structures inherent in VN. Facilitate informative entity rep-
resentations in a low-dimensional space. In addition, they cover a wide range, such
as vehicles, communication towers, and RSU.

Our research inspired by [17] involves e ectively utilizing GNN, capitalizing on
their capacity to decode and leverage the rich global and local structural information
ingrained within the VN graph, this intelligent exploitation of graph-based techniques
aids in facilitating e cient vehicular clustering. By forming clusters based on the
underlying relationships and interactions among vehicular entities, we can enhance the
overall performance and operations of vehicular systems. These entities encompass
vehicles and infrastructure components, including towers and RSUs. Our research
demonstrates that the GNN based clustering approach outperforms traditional non-
graph-based clustering methods, which do not take advantage of the underlying VN
graph structure.

1.1 Thesis Statement

Using GNN to extract latent representations and compare them with clustering strate-
gies, this thesis aims to de ne edge management within VN. The systematic orga-
nization of graph edges facilitates identifying relationships and topologies, leading
to comprehensive insights into network formation. The primary objective of edge
management is to improve connectivity and data sharing reliability within the net-
work, achieved through e cient clustering strategies that group related entities based
on underlying connections. Incorporating GNN further ampli es edge management
by leveraging latent representations to capture complex topological structures, thus
contributing to more e ective resource allocation and connectivity strategies. The
envisioned outcomes aim to signi cantly advance intelligent transportation systems
within the context of smart and connected cities.

1.1.1 Motivation

Addressing ine ciencies in connectivity is a crucial concern, and VNs are no excep-
tion to this challenge. The dynamic nature of vehicles calls for adaptive methods
that can seamlessly adjust to changing conditions. As the volume of connected ve-
hicles changes, scalability limitations become more apparent, leading to delays in
data sharing that can signi cantly a ect system responsiveness, especially in crit-
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ical situations. Compounding these issues is the under-utilization of the inherent
graph structure within VNs, hindering the capture of complex relationships and de-
pendencies. Recognizing and addressing these generic challenges is crucial to driving
advances in network management by mapping relationships within the network.

Limited Dynamic Resource Adaptability (M1). VNs face challenges with
the dynamic nature of vehicles, highlighting the need for methods that seam-
lessly adapt to changing conditions.

" Network Scalability Limitations (M2). The growing volume of connected
vehicles exposes scalability limitations, and delays in resource allocation a ect
the responsiveness of the system communications, especially in critical situa-
tions.

Under-utilization of edge infrastructure (M3). Current methods under-
utilize the inherent edge infrastructure in VNs, impeding the capture of complex
relationships and dependencies within the network.

1.1.2 Objectives

The objectives focus on improving edge management and connectivity through re-
source allocation. Prioritizing adaptability to dynamic environments and seeking
methods that seamlessly adjust to changing conditions while anticipating future
needs. Addressing scalability and latency concerns is crucial for improved respon-
siveness and connectivity. In addition, our goal is to leverage underutilized network
structures, improving our understanding of complex relationships and dependencies.
Through these objectives, this thesis contributes to the advancement of versatile and
e cient edge management.

Mapping VNs (O1) Mapping the dynamic vehicular systems as a graph struc-
ture, vehicles are subject to communication and mobility constraints that guide

their data-sharing behaviour and relationships across time, providing a compre-
hensive representation of the intricate interactions within the networkv3 .

Group Resources (O2) Grouping vehicles at an edge where minimum QoS
requirements are ful lled. Further improving the availability of resources and
data sharing based on relationshipsl .

Dynamic Learning (O3) Employing learning-based algorithms / models to
adjust to the fast-paced changes of vehicular environmenis3 .
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A

Graph Mapping Over Time (0O4) Considering the time component to de ne
behaviour and communication trendsM1 .

Grouping for Longevity (O5) Building a model that anticipates changes
that occur at the network edge, focusing on the dynamic evolution of resource
groupings to ensure sustained longevity and adaptabilitiy2 .

1.1.3 Contributions

This thesis contributes to the VEC eld by mapping vehicles to improve rconnectivity
methodologies in dynamic VNs. The primary emphasis lies in adaptability through
applying GNN, empowering the mapping of vehicles to adapt to various dynamic
scenarios. This increased adaptability ensures resilient performance under diverse
conditions.

The work has been accepted in Elsevier Springer Wireless Intelligent and Dis-
tributed Environment for Communication (WIDECOMM) 2023 [19], and ITS publi-
cation in January 2024 underscores ITS signi cance and contribution of ITS to the
eld. This work is pending acceptance into IEEE Wireless and Mobile Computing,
Networking, and Communications (WiMob) 2024 in October 2024.

Vehicular Edge Graph Model (C1) Mapped the inherent graph structure
of vehicles and introducedGNN to learn the intricate interactions within the
network O1.

" GNN-based Vehicular Edge Clustering (C2) Grouped VN resources into
clusters to share data and brought resources closer togeth®2. Further
implementedGNN to adjust to the fast-paced environment of VN©3.

Iterative Clustering Model (C3) Analyzed the implementation of iterative
graphs to determine patterns and trends over tim®4. Improved cluster map-
ping over time, reducing latency in communication by static trainingGNN with
previous trendsO4.

1.2 Outline

The thesis is structured as follows. Chapter 2 provides background in Resource Man-
agement and Connectivity. Chapter 3 discusses related works. Chapter 4 provides a
problem statement. Chapter 6 explains the baseline approaches and the initial testing
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of the approach. While Chapter 7 enriches Chapter 6 with further context by evalu-
ating time in an iterative approach. Chapter 8 builds on Chapter 7 by including an
edge weight in an iterative approach. Finally, Chapter 9 uses a preliminary temporal
edge to assess the neighbourhood over time and predict future location. Followed by
a comprehensive analysis in Chapter 10 of the models described from Chapter 6 to
Chapter 9. Chapter 5 o ers information on real-world applications for this research.
Chapter 11 summarizes this thesis and discusses future work directions.



Chapter 2
Background

The growing demand for autonomous and semi-autonomous vehicles with the widespread
collection of sensor data introduces many considerations, encompassing both advan-
tages and challenges, within the landscape of VNs. The key challenges in the domain
of Resource Management and connectivity are intricacies related to computational re-
sources, energy consumption, adaptability to dynamic and remote environments, and
overall system performance [2, 5, 6]. Innovative approaches, such as integrating arti -
cial intelligence, implementing pricing incentives, and strategically o oading parked
vehicles, have demonstrated notable improvements in various applications within this
evolving paradigm. These advancements underscore the complex interplay between
technological innovations and the multifaceted landscape of autonomous VNSs.

2.1 Vehicular Cloud Computing

The VCC paradigm is an emerging paradigm de ned as a Mobile Device Cloud (MDC)
form [2, 20]. Similarly to traditional cloud environments, VC has the addition of
vehicles to communicate and potentially share resources with cloud infrastructure and
vehicles. For example, vehicles may share their resources with other vehicles within
range through V2V communication [2]. With the implementation of VC technology,
resources of the origin node are relieved of heavy tasks on board, resulting in e cient
execution, dynamic environments, cost savings, and additional energy savings [1, 2].
Some disadvantages exist with cloud resources, such as high latency [1]. VC has four
central request states discussed in Appendix A state space, action space, reward and
transition probability [3]. In summary, the main objective of VC is to share available
resources, reduce ine ciencies, and reduce waiting times for computed tasks. The
main limitation of the paradigm is latency.

7
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2.2 \Vehicular Edge Computing (VEC)

The VEC paradigm, introduced by International Business Machines (IBM) and Nokia
Siemens Network in 2013, proposes the resolution of cloud computing latency [6].
The paradigm proposes alleviating the latency limitation within cloud networks by
placing resources at the "edge" of the network close to cloud data centers [1]. VEC
tends to have a low delay, greater computation e ciency, less back-haul bandwidth
consumption, and limited resources due to the implementation of cloudlets (aka the
"edge" or "border") of the network [1, 4]. The nature of cloudlets helps reduce the
number of requests submitted to the central cloud data centers. It refers to the data
center if resources are unavailable in the cloudlet, depending on the pricing mechanism
enabled [4]. VEC is a superior paradigm to VCC due to the proximity of resources,
and cloudlets are closer than the central data centers in VCC, reducing the biggest
latency challenge in VCC. The resources of VEC for connected vehicles include the
following:

A

Cloudlet (aka Remote/Micro/Community Clouds) - A small-scale cloud
data center is a mobility enhancement located on the edge of the internet and
supports mobile and resource-intensive applications.

~ Local Cloud/VFC - Consists of cloud resources that are closer to or local to
users.
" Client-Assisted Cloud System - is a distributed cloud paradigm where client

resources are exploited for resource pooling. In client-assisted cloud models, user
devices are considered edge devices in an external network.

Sensing Network -is a dispersed network with dedicated sensors for moni-
toring data and communicating back to the central location for storage and
analysis. [21]

Crowd-sensing Network -uses a large group of mobile devices capable of sens-
ing and computing data.

Peer-to-Peer (P2P) Network - is a distributed network of nodes where tasks
are evenly divided to share the load.

VEC is a distributed computing paradigm that connects data storage and computing
resources to the data source. The advantages of VEC are it reduces cost, latency,
reliability, and scalability.
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2.3 Vehicular Fog Computing

Cisco rst introduced the VFC paradigm in 2012, which proposes the resolution of
cloud computing latency and resource availability [6]. The solution with the VFC
paradigm is to spread the computing resources across all devices between the cloud
and the end devices to create an interface between loT and Cloud [21]. Compared to
VEC, these resources are closer to the end-users who submit the requests, as they can
be vehicles or roadside units (RSU) [21, 22]. They are leading to the paradigm of VFC,
which brings cloud resources physically and computationally closer to vehicles [21].
In implementation, real-time data are immediately computed, reducing latency de-
lays and improving QoS by o oading from the cloud to the network edge [6]. By
further expanding the focus on the infrastructure side, VFC can bring more resources
and reduce latency to the end-users within the network. The challenge with VFC

is that more resources are still needed to provide a reasonable QoS to end-users, se-
curity, privacy, communication, where processing should occur, minimize the size of
transmitted data, and how to properly exchange the stored data [6, 21]. VFC may
be considered a dynamic or decentralized network, as it changes and shares tasks on
multiple devices within the network [6]. VEC and VFC are similar in that they are

the components between the vehicles and the cloud servers. The de ning di erence
between VEC and VFC is that VEC has cloudlets closer to the cloud servers, whereas
VFC has nodes such as RSUs closer to the vehicles.

2.4 Internet of Things (loT)

The Internet of Things (IoT) paradigm is a service that o ers various virtual bene ts
to users through storage, processing, and communication through embedded sensors
and cameras [4, 23]. In other words, 10T is the interconnection between devices or
objects (e.g., sensors and cameras) that create a network [4]. The data collected from
the cameras and sensors is processed and shared with other nodes in the network to
improve QoS by "sensing" the environment and storing in the fog or cloud nodes [21].
Collecting data from each node in the network can generate large volumes of data and
Communication to edge servers, increasing the potential for delays, lack of storage
resources, and server overloads [24]. 10T is a general term for various applications
such as smart homes, cities, and vehicles.

With 10T in VANETS, the loV paradigm is created [8]. loV is the ability to gener-
ate, collect and share data autonomously among vehicles, sensors, and tra ¢ through



CHAPTER 2. BACKGROUND 10

various types of wireless communication via VCC, VFC, and VEC [8]. A simple loV
formula involves the combination of resources (vehicles, RSU, and Sensors), Commu-
nication (V2V, V2I, V2X, Wireless Fidelity (Wi-Fi), and Cellular), and cloud as the
foundation of any loV network [8]. Various applications exist due to data exchange
between vehicles, sensors, and infrastructure [8]. Due to data exchange in VNs, some
applications are driver safety, driver assistance, and information technology [8, 25].
The services o ered within loV range from tra ¢ management, information services,
and vehicle control [2, 8, 26, 27, 28]. 1oV is an important paradigm, as it connects all
devices to share useful data e ciently, scalable, and autonomously [8]. The disadvan-
tage of loV networks is the complexity of supporting various types of communication
networks, limitations in computational resources, and the abilities of the sensors on
board [2].

2.5 Intelligent Transportation Systems

ITS provides the ability to gather and process data intelligently in real-time from
vehicles, sensors, and infrastructure [8]. ITS comprises services, systems, and appli-
cations within loV, VCC, VEC, VFC, and VANETS [9]. The application of intelligent
services enables the improvement of services, such as road safety, driver assistance,
tra c e ciency, navigation, and information [7, 8, 29]. A limitation of ITS is the
potential complexity of the network due to the support of various devices, such as
vehicles, sensors, and infrastructure [8, 9]. According to Gasmi and Aliouat [8] oV

is a typical application of 10T in ITS.

2.6 Resource Management Resources

Cloud Resource Management (CRM) is the operation of scheduling, planning, and
allocating resources to perform tasks in a cloud environment. Resource management,
scalability, availability, context awareness, and security/privacy make a solution fea-
sible for real-world applications [7]. For resources managed in a cloud environment,
we consider the de nitions presented in [5, 21]in four parts: Cloud Data Center
Network (CDCN), Mobile Cloud Networking (MCN), VEC, and Software-De ned
Networking (SDN).
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2.6.1 Cloud Data Center Networking

CDCN is a large group of connected servers that provides processing capabilities for
remote storage and the dissemination of large volumes of data. The resources of cloud
data center networking for connected vehicles include:

N

Intra-Data Center Networking. Consists of the connection of servers and
storage resources through a network system within a data center and consists
of the following sub-components:

{ Virtual Machine (VM). Is a virtual Operating System (OS) or software
program that can execute tasks and processes as an individual computer.
VMs may migrate between servers and data centers. They also allow many
virtual machines to exist on a physical machine.

{ Network Slicing. It divides VMs of the same application into virtual
networks to ensure that resources are isolated and maintain performance.

Inter-Data Center Networking. Is the connection of data centers across
Wide Area Network (WAN) with inter-data center networking.

{ Data Center Gateway. It connects data centers, the internet, and
Virtual Protected Network (VPN) customers through virtual routing and
switching capabilities.

{ Resource Pool. Consists of a set of resources within a data center.

{ Federated Cloud Networking. Is the outsourcing and in-sourcing of
pooled cloud resources from numerous cloud providers that allow for "bor-
rowing"” or "renting" resources in the event of overloading.

2.6.2 Mobile Cloud Networking (MCN)

MCN combines VCC and mobile networks, creating a decentralized computing and
storage service. MCN o ers various services such as standard cloud computing ser-
vices (computing, storage and networking), support services (Mobility-as-a-Service
(MaaS), Network Infrastructure Radio Access Network-as-a-Service (RANaaS), evolved
packet Content Delivery Network-as-a-Service (CDNaaS), and End-to-End (E2E) ser-
vices. The resources of MCN for connected vehicles include the following:

N

On-Demand Provisioning - Consists of resources and services provisioned
based on the demand elasticity of the mobile users.
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Virtualisation of Radio Access Network (RAN) (Resources and func-
tions) - Aims to optimize, manage, and scale the usage and resources of mobile
networks.

Resource Pooling - Sharing resources and services between operators.

Elasticity - Scaling network resources within a data center or controlling active
Remote Radio Head (RRH).

Service Metering - Usually put in place by operators to charge RAN operation
services based on measurable and controllable usage.

" Multi-Tenant - Isolation between groups charged for some "shared" server
resources. The service provides security by isolating the groups that utilize the
service.

2.6.3 Software-De ned Networking

SDN is a network approach and architecture that uses software-based controls or
Application Programming Interface (API) to interact with the physical infrastructure.
An SDN has four key features: decoupling data planes and network devices to forward
elements, ow-based forwarding decisions, the control logic done by external entities,
and the network being programmable.

Please refer to Appendix A for further de nitions.

2.7 Stakeholders

Stakeholders commonly participate within cloud environments. In the section, we
consider the de nitions presented in [5]:

2.7.1 Cloud Provider

A cloud provider is a stakeholder that manages and owns data centers or software
systems for the cloud. An open community where multiple parties can own di er-
ent aspects of the VC services, such as the infrastructure, application, storage, and
platform for the VN o ering.
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2.7.2 Network Provider

The stakeholder provides network connectivity between data centers and end users.

More speci cally, VNs can include the owner of resources, such as vehicles and RSUSs,
as the resources are shared closer to the node initiating the request than in the remote

cloud.

2.7.3 Cloud Tenant/User

A stakeholder is usually an SP, organization, or enterprise that o ers cloud resources
for hosted applications. Service is another method of allowing users to share resources
of the cloud architecture and utilize the available resources, then designating a set
amount for each user and underutilizing the system due to excess available resources.

2.7.4 Cloud Service Broker

a stakeholder is a broker between end-users and cloud providers that manages the
utilization and e ciency of the services between cloud providers and users. Another
potential bene t of the cloud broker is to assist in translating and communicating
between the cloud provider and users from one application to another.

2.7.5 End-Users

a stakeholder uses cloud resources and services to compute their requests. The user
sends resource requests to the edge resources and awaits a response on whether the
request was accepted, computed, or denied.

2.8 Processes

Processes within VNs involve the transmission and computation of the collected data
from the vehicle's sensors to help the driver, vehicle, and network make intelligent
driving decisions. Lee and Lee [6] - describe processes as big data collected and
computed on the network edge in a distributed way. A typical process would include
information about the location, speed, direction of a vehicle and, in some cases,
additional information about the environment [7].
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2.8.1 Categories of ITS Processes

Data is gathered through various embedded sensors and onboard cameras within VNs
to identify alerts for various applications. Alerts and warnings for applications can be
classi ed as safety-related, cooperative collision avoidance, cooperative driver assis-
tance system, emergency call, cooperative collision avoidance at intersections, tra c
management and control, applications for administration, infotainment and commer-
cial and comfort [2, 6, 7]. Safety-related applications can detect and avoid collisions
and obstacles through various on-board sensors [7]. Cooperative collision avoidance
is where multiple vehicles work together to avoid accidents through the collected and
shared data. A cooperative driver assistance system is the automation and improve-
ment of the adaptation to operating a vehicle, such as adaptive cruise and lane keeping
assist [7]. Emergency Call is a system that detects and calls emergency services in the
event of an accident or incident [7]. Cooperative collision avoidance at intersections
is the communication of data between V2| as a vehicle approaches an intersection to
understand and predict activities as the vehicle enters the intersection [7]. Infotain-
ment is for entertainment and to inform users within a vehicle to allow interaction
with the information [7]. Lastly, commercial and comfort applications provide tra c

and passenger comfort e ciencies that do not consume bandwidth or interfere with
typical safety applications. The process may include information, such as weather,
tra c, tolls, entertainment, and internet access [7].

2.8.2 Processing Characteristics

The mentioned processes can have various characteristics, such as time, weight, re-
sources, Communication, workload, sensors, and data exchange. Time is used as a
process characteristic as it is important to know how long it takes to compute the
process with a response [6]. Processes can be performed locally, and a delay may
be experienced. Alternatively, processes can be sent to the cloud server and o oad,
which reduces delay in processing and results in latency [21]. When comparing light
vs heavy-weight processes, it is important to note that heavy-weight processes tend
to be burdensome on local computational resources and o oad [30]. Light-weight
processes tend to have a minimal burden on computational resources and are e -
ciently computed locally [21, 30]. Categories of processes include Communication,
computation, storage, and data. The characteristics of processes include weight, de-
lay, and priority [24]. The weight of a process includes the number of computational
resources needed to perform the process and is further categorized as light, average,
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and heavy [30]. Prioritizing processes allows processes to move up in the queue and
receive a response sooner than if placed at the end of the queue. Process communica-
tion is the network's infrastructure communicating between the sender and receiver.
Typically, Communication is considered V2I, V2R, and V2V and can extend to other
parts of the network [31]. Computation refers to the computational resources used to
compute the o oaded process [21, 24]. When considering storage resources, it is the
storage of information for use in the future and has some bene ts, such as improving
processing and more reliable applications [32]. When referring to data resources, re-
fer to the reference and lookup of data to make intelligent decisions [21, 31]. Finally,
Communication includes how the information is communicated, and the noted types
are V2V, V2I, and sensors [1, 32, 33]. A sensor communicates information gathered
locally and is computed or shared with other devices in the network [21]. Addition-
ally, workload characterizes a process by determining how many resources are needed
to complete a process or a queue of processes [27, 34]. Sensors and actuators are
other characteristics of processes as they enable data collection from the physical
world in real-time [35]. Finally, data exchange is another characteristic of processes
as Communication occurs between vehicles, infrastructure, and other nodes to learn
about surroundings and events. It is through these characteristics that decisions on
how processes execute and the order of execution are determined.

Table 2.1: Summary of Processes

Weight Resources Comm.
c
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Category Task J & I O O » O > > 0
Emergency Call 3 3
Cooperative Driver Assistance System (CDAS) 3 3 3 3 3 3 3
Safety Cooperative Collision Avoidance (CCA) 3 3 3 3 3
Cooperative Intersection Collision Avoidance (CICA) 3 3 3 3 3 3]
Tra ¢ Management Tra c Management and Control 3 3 3 3 3 3
Infotainment 3 3 3 3 3 3 3
Infotainment & Administration Commercial & Comfort 3 3 3 3
Application for Administration 3 3 3 3 3

Referenced information sourced from Benhaddou Et al. [7]

In the Process Comparison, Table 2.1, three task categories exist: Safety Related,
Tra ¢ Management, and Infotainment & Administration processes. The category of
safety refers to processes used for road and tra ¢ safety and require low latency, high-
speed network communication, and security [8, 12, 21]. The table lists Emergency
Call (eCall), cooperative driver assistance systems, cooperative collision assistance,
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and cooperative intersection collision avoidance tasks [7]. Some previously mentioned
tasks overlap with Tra ¢ Management, including Tra ¢ Management and Control
Tasks [8]. Tra c management includes processes that help manage the ow of trac
[7, 8, 12]. The last category of processes is Infotainment & Administration, which
includes tasks typically used for comfort, entertainment, and administration of appli-
cations [7].

The resource demands of the various processes and the individual resource man-
agement requirements provide an understanding of the various processes within the
VCC. Further discussion follows with problems and design issues regarding resource
management experiences.

2.9 Problems and Design Issues

When considering resource management within VNs, the main objective of a possible
service is the speed at which requests can be processed and returned with minimal
cost to the user/resources. It is often observed that there are not enough resources
available due to location, number of requests, availability, etc. They are resulting
in signi cant delays or even waste of energy of computing resources. The three
main problems with resource allocation are bandwidth, request, and workload al-
locations [5]. A further breakdown of other common challenges and design issues
within resource management is as follows:

2.9.1 Allocation

Resource allocation is the rst category for design issues and challenges within re-
source management. Bandwidth, resource, task, request, and workload are catego-
rized to include:

Bandwidth Allocation - This is the bandwidth allocation for more e cient
Communication of requests for users and SPs. The primary goal for bandwidth
allocation is to ensure that resources are available to users, especially in a dy-
namic environment. The bandwidth covers the ve system models: CDCN,
MCN, VEC, cloud-based Video on Demand (VoD) systems, and cloud-based
Software-De ned Wireless Networking (SDWN). A common scenario is under-
or oversubscription, where the distribution of resources is ine ective and there-
fore has unproductive resources or insu cient to support the environment. Pric-
ing and auction models, such as the Stackelberg game, have been implemented
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in many cases. In the Stackelberg game model, the cloud provider sets the
price to maximize their revenue, while users optimize their usage to save on
cost [5]. There are many other models, such as VCG auction, bargaining game,
and sealed-bid uniform price auction. The most common pricing model is the
Stackelberg game.

Resource Allocation - is the edge server that receives and processes requests
from nodes and allocates a de ned amount of resources to compute the task [36].
Another de nition is to maximize the resources available for user requests by
calculating the user's task minus the total cost of the cloud provider to solve
the problem of maximization of utility [5]. Resource allocation is usually part

of the MCN and VEC systems [5]. In many articles, resource allocation tech-
niques include cognitive radio networks, ultra-dense networks, Dedicated Short-
Range Communication (DSRC)-based networks, and multi-user Multiple-Input
Multiple-Output (MIMO) systems [29]. In many cases, pricing optimizes re-
sources. Some applied models include contract theory, the Stackelberg game,
and matching theory [22, 34].

Workload Allocation - Workload allocation is commonly associated with the
CDCN system model [5]. It includes the load or work assigned to the data
centers to assist in computing o oaded tasks for users.

2.9.2 Mobility & Communication

The second category for design issues and challenges within resource management is
mobility and communication. The category is further categorized as processing and
security, information and di usion, and data o oading. Further subcategories for
mobility and communication include:

Processing and Energy - One of the primary, and perhaps most prevalent,
hurdles in resource management revolves around energy constraints. As certain
devices depend on connections that require energy consumption, this consis-
tently leads to shortages of energy that require careful conservation and op-
timization. This energy challenge is particularly pronounced in the context
of Mobile Ad hoc Networks (MANET), contrasting with the relatively more
favourable energy conditions in VANET environments [7].

Type of Information and Di usion - Is speci ¢ to a vehicle's location, the
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multiple receivers transmit position, and communications arc unidirectionally.
The main focus for VANET environments is road safety [7].

Security - is noted throughout the research for the paper as the most important
aspect of any network. It is important to keep the data transferred between the
user and the SP secure, especially in VNs. It is suggested in Bennaddou [7]that
vehicles must reveal their actual state to avoid sending false data to other ve-
hicles to avoid incorrect driving decisions that could impact safety.

" Mobile Data O oading - May also be referred to as WiFi o oading. It
uses complementary network technologies to reduce data transmitted to cellular
networks. The design issue is often associated with cloud-based SDWN [5]. In
cloud-based SDWN, SDN enables mobile data o oading at the network edge
to assist with the dynamic position. The design issue bene ts and satis es all
parties through economic and pricing models, such as contract theory.

2.9.3 Caching

The third category for design issues and challenges within resource management is
cache, categorized as P2P and storage caching. Further subcategories for caching
include:

Storage - Is the resources within the data center/edge that store data to save on
computing the same task again. The question is, how much storage or resources
do we assign, and for what time frame? The design issue is often associated
with the VEC model [5].

P2P - This is the management of P2P content that reduces bandwidth through
caching shared data. It reduces the reservation cost of cloud servers so that
VoD providers may use local resources for storage. The design issue is often
associated with cloud-based VoD system models [5].

2.10 Approaches

Various methods and applications are applied to assist in the design and challenges
of e cient resource management design. Some method categories to solve design
issues within resource management include incentives, predictions, intelligence, and
stochastic policies. The approaches noted in the section are speci c to resource man-
agement.
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2.10.1 Incentive & Pricing

Incentives use pricing by implementing game theory, contracts, and policies to in-
centivize nodes to share their resources. The main objective behind incentives and
pricing is to entice vehicles to share available resources with a reward or payment
from the agent looking to use available resources [6]. The most common incentive
in VCC research is the Stackelberg game, which is a game theory that has a leader
(usually the SP) who decides whether the request (from the nodes in the network)
will be accepted or declined [6]. Other game theory models have been implemented,
such as a non-cooperative game, a bargaining game, auction theory, Markov game
theory, and contract theory [22, 26, 36]. These approaches o er a slightly di erent
approach to sharing resources in ways that are fair or bene t either the buyer or the
seller.

Some of the characteristics highlighted in Table 2.2 include Bene ciary, Allocation,
Fairness, and Features. The bene ciary includes those who the algorithm or method
bene ts the most or considers when deciding the price. Allocation refers to the type
of resources used or allocated based on the pricing method. Fairness refers to the
equilibrium, truthfulness, or optimal solution to decide the balance and honesty of
the proposed methods.

In Table 2.2, there are four categories to de ne incentives:game, auction, con-
tract, and market-based pricing. Many works share characteristics of real-time, multi-
task/parallel, cognitive networks, LSTM, and neural networks. Works di er in the
use of learning and temporal.

Further de nitions and explanations are available in Appendix B.

2.10.2 Predictive

Several works have utilized estimations to predict the future availability of resources
in vehicular clouds|such estimations based on communication characteristics, intelli-
gence, features, and networks. Channel prediction employs an optimal Convolutional
Neural Network (CNN) model to use the latest Reference Signal (RS) to train and
extract the temporal features of a channel. Some variations are implemented in the
channel prediction, such as Gaussian, sin, linear, and nearest interpolation [10]. An-
other prediction observed is a Long Short-Term Memory (LSTM)-Based Deep Neural
Network (DNN) prediction that leverages neural networks to predict the movement
and park status of vehicles [6]. Finally, the perception and prediction capabilities
of Multi-Task Parallel Multi-Granularity Collaborative Decision Model (MPMCD)
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Table 2.2: Summary of Incentive-Oriented Related Works
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leverage cognitive networking and LSTM to multi-task and make decisions with fuzzy
data in parallel [9]. Implementing predictive methods in VCC allows for greater es-
timation of vehicle request patterns and can better predict the needs of the network.
Table 2.3 highlights the summary of predictive approaches.

2.10.3 Intelligent

Several works have utilized estimations to intelligently decide the availability of re-
sources in Vehicular Clouds. Such decisions consider communication characteristics
of paradigm, behaviour, and network types.

Metaheuristics includes a way to maximize the usage of system resources by plac-
ing constraints on system variables. Some works under optimization are Ant Colony
Optimization (ACO) and Quantum Particle Swarm Optimization (PSO) [25, 54].
ACO is by Feng Et al. [54]to optimize the job assignments using a decentralized
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Table 2.3: Summary of Predictive Related Works
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structure to cache jobs more e ciently. Shu and Li propose quantum PSO [25] to
share information between nodes to e ciently allocate resources and to further reduce
the cost of delay and energy consumption.

Reinforcement Learning (RL) includes works with the Markov game model, dis-
tributed, and soft Actor-critic-based Deep Reinforcement Learning (DRL) [28, 55,
56]. The Markov Game Model is by Zhang Et al. [36]to balance task o oading in a
multi-agent environment to improve the user experience through balancing resources
intelligently. Distributed RL by Wu Et al. [55] improves the limitations of bandwidth
communication by focusing on high-impact areas, such as intersections, tra c lights,
and tra c jams. Soft Actor-critic-based DRL is by Shi Et al. [28]to incentives nodes
to share available resources using soft Actor-Critic based DRL to analyze o oading
and improve the reward for each node.

Genetic Algorithm (GA) includes works for Patheno GA with heuristic rules [30].
To reduce task delay and resource consumption during o oading, Patheno GA with
heuristic rules is by Sun Et al. [30]to reduce task delay and resource consumption
during o oading.

Decision making includes works for Al-Driven Cognitive Networking Collaborative
Decision-Making Model (ACNCD) and MPMCD [9]. ACNCD and MPMCD are by
Lin Et al. [9]to make intelligent decisions in a multigranular or multitask similar in
real time to enhance the services within the environment.

Implementing intelligent methods in VCC allows for more e cient utilization of
vehicle requests and improves on the needs of the network by intelligently allocating
resources. Table 2.4 highlights the summary of intelligent approaches. Many works
share proactive and reactive behaviour characteristics, use VEC and VFC, and are
decentralized networks. Some common di erences between the works are centralized
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Table 2.4: Summary of Intelligent Related Works
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and distributed networks.

2.10.4 Stochastic Policies

Several works have utilized stochastic policies to assist in statistical modelling resource
availability in VC. Such estimations are on communication characteristics, paradigm,
behaviour, and network.

The Gaussian distribution-based stochastic policy is based on Lee and Lee [6]to
allocate resources and address continuous variables in a distributed manner [6].

Markov is implemented in a couple of di erent ways, such as Semi-Markov Decision
Process (S-MDP), Markov Decision Process (MDP), and Markov game model and
RL [28, 36, 57]. S-MDP proposes [57] through the Allocationn and Management
resource policy (NANCY) to allocate resources dynamically within the network. MDP
is by Shi Et al. [28]to incentivize nodes to share available resources while implementing
RL to analyze the reward of o oading. Markov game model and RL are by [36]as a
way to balance the load during the o oad of tasks to improve the balance of resource
allocation.

Implementing stochastic methods in VCC allows for exploring various states within
the network for further improvements in resource utilization. Table 2.5 highlights the
summary of stochastic approaches. Some common themes across works include VFC,
reactive behaviour, and decentralized networks. Variances between works include
loV, VEC, proactive approaches, and a mix of centralized and distributed works.
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Table 2.5: Summary of Stochastic Related Works
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2.10.5 Optimization

Several works have utilized optimizations to improve the availability of resources
in Vehicular Clouds. Such optimizations consider communication characteristics,
paradigm, behaviour, and network.

Procedure-based programming involves procedures, such as routines, functions,
and other computational steps [11]. The convex-concave-procedure-based optimiza-
tion algorithm is by Yadav Et al. [11]as a method to improve the trade-o between
energy latency and e cient resource allocation with the application of energy-e cient
dynamic computation o oading and Resource Allocation Scheme (ECOS).

Optimization-based de nes Lyapunov Optimization-Based Method (LOB) & Lyapunov
Drift-Plus Penalty Framework (LDP)) framework, Convex Optimization-Based Method
(USS), Selection Optimization (SO), rolling horizon optimization policy [13, 23, 24,
26, 27]. The LOB method and the LDP framework of Du et al. [26] create an incentive
and rational o oading at the SBS to separate resources from other services. The USS
is by Tan et al. [24] - including semi-qualitative relaxation, position optimization, and
self-adaptive adjustment methods for deployed Unmanned Aerial Vehicle (UAV). SO
is by Dai Et al. [23]to assist in selecting a VEC server to maximize the utilization
of computational resources and o oading ratios for each vehicle. Rolling Horizon
Optimization Policy is by Gai Et al. [13]by implementing a dynamic search for the
closest cloudlets and cloud servers to perform computational tasks.

Misc. de nes Brute Force Scheme (BFS) and Computation O oading (CO) [23].
BFS is by Dai Et al. [23]to choose the server that o ers the best option for utility
usage by comparing computational resources and the o oading ratio. CO is by Dai Et
al. [23]to assist with the o0 oad ratio and maximum usage of computational resources
by o oading to the nearest VEC server.



CHAPTER 2. BACKGROUND 24

Table 2.6: Summary of Optimization Related Works
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Implementing optimization methods in VCC allows for reduced workload and
improved e ciencies in processing requests. Table 2.6 highlights the summary of
optimization approaches. Some similarities among the works are VEC, reactive be-
haviour, and decentralization. Some di erences between approaches are mobile cloud,
proactive, and a mix between centralized and distributed.

With the increasing demand for autonomous vehicles and the collection of data
from various sources, there are many bene ts, drawbacks, and constraints within
VNs. Further research in communication, computation, and storage is necessary to
maintain a QoS that is feasible for VCC applications in the real world. Improvements
in communication are needed to reduce latency to maintain SLAs and review scenarios
where devices disconnect or become unavailable within the network [6]. More detailed
computation and storage review are needed to ensure fairness between users and
providers while avoiding wastage or resource overload while maintaining QoS.

Having explored the foundational aspects that encompass incentive and pricing
mechanisms, predictive methodologies, arti cial intelligence applications, stochastic
policies, optimizations, and VNs, it is essential to transition to a comprehensive ex-
ploration of related work in the eld. These foundational concepts lay the foundation
for understanding the broader landscape of research and advancements, paving the
way for a nuanced analysis of how these elements interplay and contribute to the
evolving landscape of vehicular communication and resource management. In this
context, examining related works will illuminate the diverse approaches, methodolo-
gies, and innovations researchers employ to address the complexities and challenges
inherent in VCC.
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Related Works

Numerous research e orts signi cantly enhance and fortify VNs, particularly within
VCC and Resource Management. This section encapsulates a diverse array of works
that systematically bolster the foundational aspects of VNs. Categorically organized,
these works span various domains such as arti cial intelligence and machine learning,
0 oading strategies, cloud computing paradigms, remote network communication,
and architectural considerations. Each category represents a distinct avenue of ex-
ploration aimed at advancing the existing network infrastructure and facilitating a
more sustainable and e cient VCC experience. Including these diverse categories
ensures a comprehensive approach to addressing the multifaceted challenges within
VNs. Furthermore, it is essential to note that the work within this section may in-
tersect with the background and discussion sections, providing a holistic perspective
on the current research and developments in the eld. This interconnection o ers
the reader a nuanced understanding of how di erent facets of research collectively
contribute to the overarching goals of improving VNSs.

3.1 Articial Intelligence & Machine Learning

Several works have implemented Arti cial Intelligence (Al) and Machine Learning
(ML) to improve predictions, e ciencies, and meta-heuristics within VC Al is the
ability of a computer to analyze data and perform tasks that are usually performed
by humans [8] ML de nes a computer's ability to learn and adapt on its own from
the analysis and data collected, and such works include [58] Characteristics within
Al and ML include the paradigms, methods, and features Paradigms commonly used
within VNs include VANET/MANET, ITS, VEC, VFC, and loV. Some features of

Al and ML may include predictive, real-time, and reactive resource management.

25
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Predictive refers to work that predicts future scenarios based on past events collected
and analyzed [9]. Real-time includes the immediate response and processing of a user's
request [6] Methods within Al and ML within the related works are decision-making,
GA, metaheuristic, and RL Summaries of the related works are as follows:

decision-making includes intelligent or smart processes that make intelligent de-
cisions, such as the S-MDP, MDP, cognitive networks, and smart VFC [55] Menguette
Et al. [3] propose implementing an optimal decision scheme using S-MDP and Allocation
Resource in a Dynamic Vehicular Cloud (ADVICe) to maximize the availability of re-
sources by rewarding the system Lin Et al. [9] propose two potential decision models, .
The rst model is an MPMCD, which improves knowledge discovery to make smarter
decisions on how processes utilize built-in multi-granularity structures. The second
model proposed is ACNCD, which supports parallel multitasking in a collaborative
and real-time manner. Gasmi and Aliouat [8] discuss the advantages of implementing
arti cial intelligence with loV for smarter decisions with real-time processing. The
works in the section have varying implementations to create networks with better
decision-making abilities.

A GA is a heuristic search method for optimal paths or solutions to search prob-
lems. It may be used to decide whether to o oad services or compute locally. Sun et
al. [1] propose implementing genetic algorithms for task scheduling during o oading
to VC. Sun et al. [30] propose a patheno genetic algorithm with heuristic rules as
a hybrid intelligent Meta-Heuristic to e ciently o oad tasks with little delay and
resource usage in VEC. The type of implementation displayed bene cial character-
istics of system stability and reduced latency. The approach had some limitations
surrounding the support for various services and mobility models. This is the only
work for GA reviewed for this thesis.

Optimization de nes intelligent systems that optimize a given problem, such as
routing requests, to reduce server workload. Some works include ACO and PSO. Shu
and Li [25] propose the implementation of PSO to improve the shrinkage factor and
the accuracy of the local search area. Feng et al. [54] propose the implementation of
ACOs to assist in scheduling Autonomous Vehicle Edge (AVE) jobs. Tan et al. [24]
propose implementing a three-step algorithm, including an optimization algorithm, a
semi-qualitative relaxation method, and self-adaptive adjustment methods in Mobile
Edge Computing (MEC) networks to reduce energy and computing costs of UAV.
These works aim to improve search and scheduling problems through ACO and PSO.

RL is a type of machine learning that can create long-term learning and improve
educated decisions. Lee et al . [6] propose the combination of reinforcement learn-
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ing and heuristic information for a more e cient allocation of resources by leveraging
parked vehicles as the VFC. Zhang Et al. [56] propose Distributed Task O oading for
Multi-Agent Load Balancing (DTOMALB) to implement deep reinforcement learning

in VEC to reduce the waste of unevenly allocated resources to various users. Shi Et
al. [28] propose using deep reinforcement learning in VFC to enable task o oading in
a priority, aware manner. Du Et al. [58] suggest the implementation of Al and ML to
create a more intelligent network with more e cient management of resources. The
works proposed in RL display the ability to learn and improve given scenarios within
VNs.

The several works and categories of Al and ML show signi cant promise in further
optimizing and reducing VNs through intelligent approaches.

Table 3.1: Summary of Arti cial Intelligence & Machine Learning Related Works
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Zhang Et al. [56] 3 3 3
Sun Et al. [30] 3 3 3
Menguette Et al. [3] 3 3 3
Shu and Li [25] 3 3 3 3 3 3 3
Gasmi and Aliouat [8] 3 3 3 3 3 3

Additional related works are visible in the background 2.

Table 3.1 shows the contrast and similarities between arti cial networks that share
the characteristics of VANET / MANET, VEC, loV, Meta-Heuristics, V2V, V2I, and
V2X, loV, Meta-Heuristics, V2V, V2I, and V2X. Some works di er in characteris-
tics, as a couple have VFC, decision-making, genetic algorithm, and reinforcement
learning.
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Many works within arti cial intelligence and machine learning o er the advantages
of improving e ciency within the network through learning and adapting. Lin et
al. [9] do not o er more intelligent decision-making for task assignment in ITS, which
is a signi cant challenge, as ITS has various nodes and services communicating. Gasmi
and Aliouat [8] discuss using VANETSs, which o er three communication types: V2I,
V2V, inter- and infrastructure communication. Sun et al. [1] lack the consideration of
multiple services and scenarios to cover a highly mobile environment; therefore, a lack
of resources occurs in some scenarios. Sun et al. [30] do not handle VEC environments
with uncertain parameters, which can result in high total delay costs. Shu and Li [25]
have an excellent potential solution; however, the implementation complexity could
result in initial errors, and it is not clear how vehicles handle moving outside the
coverage area. Feng et al. [54] use MCC, which is costly and time consuming and
needs further improvement to reduce costs. Tan et al. [24] use UAV, which is a
unique approach; it is not feasible due to challenges related to energy e ciency,
severe weather conditions, power and hardware failures, and the potential of ying
objects disrupting the service. Shi Et al. [28] is limited by challenges around high
Qos that result in low computational power, a high cost of upgrading, high energy
consumption, and the position of the RSU remaining static may not be able to cover
higher demanding areas. These are some of the challenges associated with arti cial
intelligence and machine learning.

The works within arti cial intelligence and machine learning o er various intelli-
gent methods for VCC and have the potential to manage resources intelligently and
e ciently.

3.2 O oading

Many research e orts have been devoted to implementing o oading strategies to ef-
ciently distribute and enhance local resource performance within the dynamic con-
text of Vehicular Clouds [11]. The realm of o oading is characterized by various
paradigms, methods, and features, each contributing to optimizing resource utiliza-
tion within the complex framework of VNs.

Several paradigms have been adopted, including Vehicular VANET, MANET, ITS,
VEC, VFC, and loV. These paradigms showcase the diversity of strategies employed
to create e ective o oading mechanisms tailored to vehicular environments' unique
requirements and challenges.

The o oading features within the VNs, such as optimization, Heterogeneous Net-
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works (Het-Net), and scheduling, play a crucial role in improving the e ciency and
adaptability of resource o oading strategies.

Method characteristics of o oading include incentives & pricing, load balancing,
intelligence, and energy awareness. The summaries of the related works are as follows:

Incentives and pricing mechanisms are used to attract devices to share available
resources. Liu et al. [4] propose implementing a Stackelberg game approach to incen-
tivize VEC resources to accept o oaded requests within the network. Du et al. [26]
propose implementing a contract design for o oading and allocating resources within
a Heterogeneous Ultra-Dense Networks (Het-UDNSs). Nazih et al. [22] propose inte-
grating the Stackelberg game and contract theory as a joint optimization approach
within the VFC. Additional related works are visible in the background 2.

Load balancing combines routing and scheduling resources to share all resources
fairly amongst requesting nodes. Dai et al. [23] propose separating o0 oading into two
problems, computational resources and o oading ratio, to decide whether to o oad
to the edge or process locally. Pereira et al. [57] propose the application of NANCY
for VC to allocate resources according to request and reduce discarded services due
to 0 oading properties. Zhang et al. [36] propose a three-stage round and scheduling
mechanism combined with a joint resource allocation strategy to improve the joint
optimization problem and resource allocation. These works propose various ways to
0 oad tasks to cloud resources.

Intelligent is a category for o oading that implements intelligent algorithms to
0 oad resources more e ciently. Sun Et al. [30] propose a patheno genetic algorithm
with heuristic rules as a form of hybrid intelligent optimization to e ciently o oad
tasks with little delay and resource usage on VEC. Sun Et al. [1] propose implement-
ing genetic algorithms for task scheduling during o oading to VC. Feng Et al. [54]
propose the implementation of ACOs to assist in scheduling AVE jobs during o oad-
ing. Tan Et al. [24] propose implementing a three-step algorithm in MEC to reduce
UAVS' energy and computing costs during o oading. Shu and Li [25] propose the im-
plementation of PSO to enhance the shrinkage factor and local search area accuracy.
Shi Et al. [28] propose using deep reinforcement learning in VFC to enable task of-
oading in a priority, aware manner. These works propose and implement intelligent
approaches to make intelligent decisions during o oading. Additional related works
are visible in the background 2.

Energy Awareness is a form of o oading from mobile or vehicular nodes to remote
resources to conserve onboard energy; some works include [13] [11] [32]. Gai Et al. [13]
propose using cloudlets to o oad requests to the cloud in an aware manner. Yadav
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Et al. [11] propose an energy-e cient dynamic computation o oading and ECOS to
minimize latency cost and joint energy problems. Yang Et al. [32] propose a location-
based o oading scheme based on a vehicle's location in MEC for further cost and
resource usage e ciencies. These works o er energy-aware approaches to o oading
to conserve resources and battery or "unplugged" nodes.

Table 3.2: Summary of O oading Related Works

Paradigm Method Communication
o [}
£ 2
m £ 2 5
=z o g S c
< S= = S o
= o w & < T £
[ 2 o 8 > N 3
Work S £ ¥ 5 3 2 9 E & S I ?
Liu Et al. [4] 3 3 3 3 3
Yadav Et al. [11] 3 3 3 3
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Yang Et al. [32] 3 3 3 3 3
Nazih Et al. [22] 3 3 3 3 3 3

Additional related works are visible in the background 2.

Table 3.2 shows the contrast and similarities amongst o oading works. Many
of the works share characteristics of VEC, incentive & pricing, energy awareness,
scheduling, and optimization. Some works di er in characteristics as a couple have
Het-Net, Intelligence, and load balancing.

Many works within o oading o er the advantage of improving e ciencies within
the network by leveraging remote servers to compute the tasks. Nazih Et al. [22] have
limitations in the solution due to the lack of leveraging the Nano Data Centers (NDC)
energy savings and cannot manage uncertainty in demand as computation is slow
when demand increases. Du Et al. [26] use Small Cell Base Station (SBS), which tend
to be sel sh and falsify resource status' Dai et al. [23] can potentially overload the
remote servers and, with the application of BFS, have a high computational cost. Gai
Et al. [13] have ine ciencies and complications compared to direct cloud computing,
as mobile devices have additional variables regarding battery, life, performance, and
energy waste. Yadav Et al. [11] experience issues with large-scale VFC due to the cost
of o oading and the availability of resources. Overall, a highly mobile environment
causes changes in load throughout various parts of the network, causing inconsistent
performance. These are some of the challenges associated with o oading work.
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Works within o0 oading o er various methods for balancing tasks by leveraging
available resources on remote nodes within the VCC network. These methods are
useful in resource management as they help to allocate resources by prioritizing and
sharing the computational processing.

3.3 Cloud Computing

Several works have implemented cloud computing to manage and process data to
conserve vehicles' onboard resources and share tasks that can be computed once and
shared with many nodes within Vehicular Clouds. Characteristics of o oading include
the paradigms, methods, and features. Paradigms commonly used within VNs include
VANET/MANET, ITS, Edge, VFC, and loV. Features of o oading include crowd-
sensing, energy-saving, incentives, and intelligence. Crowd-sensing refers to the data
collection and sharing locally with other nodes in the "crowd" [27]. UAV refers to
unmanned aerial vehicles deployed as temporary cloud servers for communication or
processing [24]. Method characteristics of o oading include edge, VFC, Vehicular
Cloud Network (VCN), and energy e ciency & green computing. Summaries of the
related works are as follows:

VCN is a form of cloud computing that allows vehicles in a network to share re-
sources and computations with a remote cloud for the greater good [20]. Lee Et al. [20]
discuss the architecture and design principles associated with VCC and information-
centric networking. Lee Et al. [20]also highlighted three characteristics associated
with VNs: produce/consume, seek, and collaborate data using resources in the cloud.

Edge Computing is a form of VEC allowing the ability to o oad and share re-
sources between nodes and cloud [4]. Liu Et al. [4] propose implementing a Stackelberg
game approach to incentivize edge resources to accept o oading requests from nodes.
Dai Et al. [23] propose segregating o oading into two problems, computational re-
sources and o oading ratio, to decide whether to o0 oad to the edge or process locally.
Zhang Et al. [36] propose a three-stage round and scheduling mechanism combined
with a joint resource allocation strategy to improve the joint optimization problem
and resource allocation. Feng Et al. [54] propose the implementation of ACOs to
assist in scheduling AVE jobs during o oading. Tan Et al. [24] propose implement-
ing a three-step algorithm in MEC to reduce energy and computing costs of UAV
during o oading. Yang Et al. [32] propose a location-based o oading scheme based
on a vehicle's location in MEC for further cost and resource usage e ciencies. Pu Et
al. [27] propose using the Lyapunov optimization framework to design a Task Schedul-
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ing (TaskSche) algorithm for assigning crowd-sensing tasks accordingly in a hybrid
edge computing framework. Many edge computing applications bene t resource al-
location in VNSs.

Fog computing is a form of VFC that allows o oading and sharing of resources
between nodes and the cloud by o ering RSU or other vehicles closer to the requesting
node [22]. Hou Et al. [31] propose a fog computing infrastructure that leverages
parked vehicles’ computational and communication resources. Pereira Et al. [57]
propose applying NANCY for VC to allocate resources based on request and reduce
discarded services due to o oading properties. Yadav Et al. [11] propose an energy-
e cient dynamic computation o oading and ECOS to minimize latency cost and joint
energy problems. Shi Et al. [28] leverage deep reinforcement learning in VFC to enable
task o oading in a priority, aware manner. Zhou Et al. [59] implement incentives
customized to each vehicle to maximize the utility of the Base Station (BS) in VFC.
Bellavista Et al. [21]Jcompared the di erences between fog and loT applications, such
as guidelines, requirements, improvements, and considerations. Nazih Et al. [22]
propose integrating the Stackelberg game and contract theory as a joint optimization
approach within VFC. These works propose various ways to implement and improve
fog computing, which is bene cial in VNs by bringing resources closer to the vehicle
nodes.

Energy e cient and green computing is a form of cloud computing focused on
reducing energy waste. The main work in the section is by Zhou Et al. [59], who pro-
pose the Alternating Direction Method of Multipliers (ADMM) approach to solving
the distributed convex optimization problem. The approach helps reduce excessive
network hops seen in VEC models and o ers a scalable solution for larger networks.

Additional related works are visible in the background 2.

Table 3.3 shows the contrast and similarities amongst cloud computing works.
Many works share similarities in using VEC, VFC, Intelligence, V2V, V2I, and in-
centives. Some works di er in characteristics as a couple have V2X, energy-saving,
and crowd sensing.

Many works within cloud computing o er advantages by creating a bene cial way
to manage, process, and share data in a larger network. Zhou Et al. [34] lacks an
e cient task management mechanism and may not scale in larger environments. Hou
Et al. [31] have limitations in cost as RSUs and MCCs are expensive, challenging,
and time-consuming to deploy. Zhou Et al. [59] experience challenges in providing an
optimal workload in a highly mobile environment considering reasonable latency. Dai
Et al. [23] experiences issues with overloading during o oading. The work also does
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Table 3.3: Summary of Cloud Computing Related Works
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Hou Et al. [31] 3 3 3 3 3
Raza Et al. [33] 3 3 3 3 3
Wu Et al. [55] 3 3 3 3
Pu Et al. [27] 3 3 3 3 3 3 3 3
Zhou Et al. [34] 3 3 3 3
Zhou Et al. [59] 3 3 3 3

not consider bidirectional roads and speed changes. Pu Et al. [27] may experience
challenges when implemented in rural and high-demand areas. These are some of the
challenges associated with cloud computing.

Working within cloud computing o ers the ability to conserve onboard resources
by o oading requests to the cloud. It is useful for resource management in VCC as
we can allocate and divide resources based on the need to conserve vehicle resources.

3.4 Remote Network Communication

Many scholarly works have strategically incorporated remote network communication
as an indispensable means of facilitating seamless communication and information ex-
change between nodes and cloud infrastructure within VNs [29]. It is fundamental
to establishing e cient and reliable connectivity, enabling nodes, such as vehicles or
roadside units, to interact with cloud resources and share vital information. Along
with ensuring critical information is shared in real-time tra ¢ updates. Characteris-
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tics of remote network communication include the paradigms, methods, and features.
Paradigms and methods of communication are visible in the Background 2. Method
characteristics of cloud networks include Het-Nets, VANETs and MANETSs, and IoV
and loT. Summaries of the related works are as follows:

Het-Net connects nodes, servers, and devices with signi cant di erences. Dey Et
al. [12]evaluated the performance of V2V and V2I in Het-Nets and observed a lengthy
hando between Long-Term Evolution (LTE) and Wi-Fi. When using Het-Nets ex-
plicitly, a seamless connection between services is observed, and the consequences of
a seamless connection cost time to hand o the request. The evaluation also observed
that using Het-Nets in addition to safety applications could help with proactive inter-
actions for problem locations. Noor-a-Rahim Et al. [29] surveyed resource allocation
and discussed several categories, including DSRC, Het-Net, and cellular. The survey
also discussed the resource allocation requirements within a network: dynamic en-
vironments, various data services, and scalability for future growth. Du Et al. [26]
propose the use of ultra-dense Het-UDNSs that provide o oading capabilities to SBS
in a centralized manner. Het-Nets are useful in resource management as they enable
multiple devices, platforms, and nodes to connect and communicate without having
one standard platform. Diversity is important for future adoption and growth within
the eld.

VANETs and MANETS refer to vehicles or mobile devices that connect to a wire-
less network. Some works include, [8] [7]. Gasmi and Aliouat [8] compared VANETs
and loVs, discussing that VANETSs inherit various characteristics from MANETSs.
VANETs communicate using V2V, V2I, V2R, and a hybrid. Gasmi and Aliouat [8]also
describe the three layers of VANETs as data, communication, and analytical. Ben-
haddou [7] proposes using VANETs and wireless sensors to rapidly develop an envi-
ronment with low cost, time, and planning features. VANETs are advantageous in
allocation management as they help communicate between vehicular nodes and the
cloud infrastructure.

loV is a blend of 10T and ITS. It gives loV the following architectural layers: vehi-
cle interface, data acquisition, data ltering, pre-processing, communication, control
and management, processing, and security [8]. Gasmi and Aliouat [8] compared
VANETs and loVs, discussing that loV is the exchange of real-time information be-
tween vehicles, sensors, devices, and roads. Typical oV communications include V2I,
V2R, V2V, 12I, Vehicle-to-Roadside Unit (V2R), and Vehicle-to-Everything (V2X).
Gai Et al. [13] Bellavista Et al. [21] compare VFC and IoT, detailing lightweight sen-
sors to integrate to overcome typical issues around latency, management, and lack of
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elasticity. Work proposes using 5G for exibility, low latency, and high capacity fea-
tures. It is important to note that oV requires scalability, interoperability, real-time
responses, data quality, security, reliability, location, awareness, and mobility to be
considered e ective. Hou Et al. [31] propose using parked vehicles to compute and
communicate processes using 3G, 4G, RSU, and MCC to communicate. Manyika Et
al. [60]is an executive summary conducted by McKinsey Global Institute detailing
the value of 10T devices. LiWang Et al. [2] propose using graph jobs in computa-
tionally intensive IoV clouds to assist with dynamic environments during low-tra c
and rush-hour variances. The works involving loV and 10T show promise and unique
ways for VNs to communicate by o ering a more localized and closer communication
than traditional cloud environments.

Other networks not categorized in the section include ITS and wireless networks.
Mehmood Et al. [35] propose implementing Cyber-Physical Systems (CPS)) to work
with sensors to gather real-time information from the physical world in an embedded
system. Du Et al. [58] propose using 6G for a more intelligent and powerful method of
communication. 6G in Du Et al. [58]suggests it is seamless, requires minimal manual
con guration, and o ers up to 1TB/s speeds. These are some additional works related
to network communication.

Table 3.4 compares the various related works and shows several works commonly
used for intelligence, mobile devices, and sensors. These works often use decentralized
and distributed communication styles. Rarely are SBS and centralized communica-
tions used.

Table 3.4: Summary of Remote Networks Related Works
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Du Et al. [26] 3 3 3 3 3
Mehmood Et al. [35] 3 3 3 3

Du Et al. [58] 3 3
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Additional related works are visible in the background 2.

Many works within remote networking o er communication advantages by linking
vehicles to other resources and servers in the network. Dey et al. [12] experience chal-
lenges with optimal load balancing during scenarios such as rush hour. In addition,
the work also experiences di culties with the sensor performance, which can lead
to low VCC performance. Gai et al. [13] cannot handle a dynamic environment due
to the deployment and implementation complexity compared to VCC. LiWang et al.
These are some challenges associated with remote networking work.

Works within remote networks enable the ability to share information amongst
nodes. Sharing information o ers VCC resources to be leveraged to recycle and reduce
task computations.

3.5 Architecture

Several works discuss the architecture of cloud computing networks, giving a greater
understanding of the key components of the cloud; some works include [20] [33]. The
characteristics of architecture include paradigms and features. Paradigms commonly
used within VNs include VANET/MANET, VCN, Edge, and VFC. Architecture fea-
tures include RSU, cloudlets, servers, mobile devices, and vehicles. Lee et al. [20]
discusses the architecture and design principles of VCN and information-centric net-
working. VCN uses the RSUs within the vehicular cloud to compute or further
transfer to the cloud for processing or data storage [20]. Raza et al. [33] o er a fur-
ther discussion on VEC and compare edge and cloud computing. The main di erence
between cloud and VEC is cloudlets or edge servers between cloud servers and RSUSs.

Table 3.5 compares VCN and VEC and highlights the key di erences: VEC uses
cloudlets, while VCN does not. Additionally, VEC is not information-centric in com-
parison to VCN, which is.

Understanding these architectural nuances becomes paramount in devising strate-
gies to optimize resource utilization, enhance network performance, and ensure the
seamless integration of emerging technologies. Therefore, exploring architectural as-
pects serves as a foundation for understanding the intricacies of existing resource
management approaches and o ers valuable guidance for shaping the future trajec-
tory of advanced and responsive VNSs.

Additional related works are visible in the background 2.
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Table 3.5: Summary of Architecture Related Works
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3.6 Graph Neural Networks

Several works have utilized GNN to improve the availability of resources in Vehicular
Clouds, tra c management, and decision-making. Such implementations consider
various items ranging from communication characteristics, location parameters, be-
haviour, and network connectivity.

Table 3.6: Summary of Graph Neural Network Background Works
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Survey Jiang et al. (2021) [62] 3 33 3 3 3

Wang et al. (2022) [63] 3 3 3
Chen et al. (2022) [64] 3 3 3
Tam et al. (2022) [14] 3 3 3
He et al. (2020) [65] 3 3 3

Shen et al. (2021) [16] 3 3 3 3
Rahmani et al. (2023) [66] 33 3 3 3 3 3 3

Spatio-Temporal Deep Graph Infomax (STDGI) (2019) [61] - proposed STDGI
in tra ¢ networks to handle the highly mobile and dynamic nature of vehicles. The
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primary focus of this model considers temporal and spatial dynamics of the graph
through node-level regression by training embeddings to maximize the mutual infor-
mation amongst one another.

Estimated Time of Arrival (ETA) Prediction with Graph Neural Networks in
Google Maps (2021) [15] - proposed the implementation of GNNs for improved travel-
time ETA prediction in web mapping services, such as Google Maps. This model uses
GNN building blocks to train the schedule methods to calculate the averages for each
road segment.

Graph-Based Deep Learning for Communication Networks: A survey (2021) [62]
- Surveys the various Graph Convolutional Network (GCN) and Graph Attention
Network (GAT) and is one of the rst surveys to evaluate graph-based deep learning
methods in communication networks.

Learning Decentralized Wireless Resource Allocations with Graph Neural Net-
works (2022) [63] - Designed the Aggregated Graph Neural Networks (AggGNN) to
process delays and asynchronous aggregated state information at each hop in the net-
work to nearby neighbours. The model shows a signi cant improvement in resource
allocation policies in dynamic networks.

Spectral graph theory-based virtual network embedding for vehicular fog comput-
ing: A deep reinforcement learning architecture (2022) [64] - Surveys DRL and GNNs
in communication networks for deep multiscale correlations, generalizing abilities, and
improves the accuracy of prediction model metrics.

Graph Neural Networks for Intelligent Modelling in Network Management and Or-
chestration: A Survey on Communications (2022) [14] - Considers the spectral graph
theory-based resource orchestration algorithm in combination with Virtual Network
Embedding (VNE) and DRL. The model comprises four layers based on the GCN
to compute node embedding probability. Fog nodes obtain information by mining
spatial structures within their neighbourhoods. Fog link embedding utilizes a rst-
order search. The solution considers improvement through long-term average revenue,
revenue-cost ratio, and Virtual Network Request (VNR) acceptance rate.

Resource Allocation based on Graph Neural Networks in Vehicular Communi-
cations (2020) [65] - applies a combination of GNNs and multiagent RL to learn
low-dimensional features of V2X nodes to improve resource allocation. This model
places the responsibility for communications directly on the nodes and their nearby
neighbours without the help of the BS.

A further analysis in Table 3.7 delves into the distinctive features of four promi-
nent GNNs: GAT, GCN, GraphSAGE, and TGNN. Notable di erences in aggrega-
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GCN [67] GAT [68] GraphSAGE [69] A3T-GCN [70]

Aggregation Sum Att. Agg. Agg.
Att. Mech. - 3 3 -
Embed. Node-wise
Graph Homo. Homo. Inhomo. Temporal
Matrix Adj. Att. Random Walk Temporal & Node Adj.
Conv. Oper. Spectral Spatial Spatial Spatial & Temporal
Message Passing Single Layer Multi-Layer Multi-Layer Multi-Layer
Classi cation Semi-supervised| Supervised Unsupervised Semi-supervised
Learning Type Node Node Graph Graph & Node
Learning Setting Semi-online Online Oine Batch
Dynamic Graph No No No Yes

Table 3.7: Comparison of GCN, GAT, GraphSAGE, and TGNN.

tion methods are highlighted, with GCN utilizing summation and GAT, SAGE, and
A3T-GCN opting for various aggregation mechanisms. Summation involves straight-
forwardly adding neighbouring nodes' feature vectors, while attention mechanisms
dynamically assign importance weights to enable adaptive focus on relevant nodes.
Additionally, the table elucidates the concept of node-wise attention mechanisms, a
shared strategy among the models that enhances their information processing capa-

bilities.

In addition, the analysis extends to graph connectivity, convolution operations,

and message-passing strategies, where GCN relies on adjacency matrices and spec-

tral convolution, GAT employs attention mechanisms and spatial convolution, and
both SAGE and A3T-GCN leverage spatial convolution across multiple layers. The
models' computational e ciency priorities di er, with GCN, GAT, and A3T-GCN
emphasizing node-level computations, while SAGE focuses on graph-level e ciency.
Divergent learning settings and types further contribute to the nuanced understand-
ing of each GNN architecture, providing valuable insights for model selection in graph
processing applications.
In a di erent context, addressing the challenge of sharing network edge in VEC
involves precise management of mobile resources based on communication conditions.
The dynamic nature of vehicular movement, impacting resource availability and com-
munication density, underscores the need for an e cient management system in VEC.
The clustering of vehicles becomes crucial in ITS environments with con icting and
dynamic features, where the size of the vehicle cluster directly in uences the com-
plexity and availability of data and resources. E cient resource and data sharing in
this dynamic environment demands a robust clustering approach capable of adapting
to changing communication conditions and ensuring consistent and reliable commu-
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nication within the VEC system.

E ective resource and data sharing poses a challenge in a highly dynamic envi-
ronment characterized by vehicle mobility and uctuations in resource demands such
as storage, energy, and computing resources. The dynamic nature of vehicular move-
ment alters the availability, density, and range of resources, necessitating a precise
management system for mobile resources based on communication conditions.

Addressing the challenge of enabling network edge sharing in VEC involves assem-
bling and managing a group of vehicles capable of consistently and reliably sustaining
communication over a speci ed duration. Focusing on a smaller region ampli es the
impact of dynamic topology changes on data and resource management. The size of
the vehicle cluster directly in uences the complexity, scale, and availability of data
and resources. Consequently, VEC's fundamental need for clustering vehicles becomes
apparent, particularly in ITS environments with con icting and dynamic features.

These works o er various GNNs in combination with Vehicular and Mobile Net-
works. Each work o ers a unique application of GNNSs in these dynamic networks by
applying them to resource allocation, connectivity, and even spatial awareness.

3.7 Temporal GNN

Several works include using TGNN, TGCN, and Attention Temporal Graph Convo-
lutional Network (A3TGCN) [71], and Message Passing Neural Network Transfer
Learning (MPNN+TL) [72]. In this section, A3T-GCN [70] is used for the algo-
rithm 3.8. The table provides a concise summary of the work of T-GNN, categoriz-
ing it based on its representation of graphs, treatment of static and dynamic graph
signals, and key features such as temporal dependency modeling, attention mecha-
nisms, and message passing. Notable works include STAN, T-GCN, A3T-GCN, and
MTGNN, which leverage graph structures and temporal dependencies for tasks like
time-series and tra c forecasting. Additionally, the table highlights other approaches
like AutoRegressive Integrated Moving Average (ARIMA) in statistical modeling and
various message passing networks that combine message passing techniques with re-
current or transfer learning to handle dynamic graph signals.

3.8 Remarks

The exploration of resource allocation in VCC is characterized by a diverse array
of strategies, ranging from Al & ML techniques to architectural considerations and
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Table 3.8: Summary of Temporal GNN Works
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T-GCN [74] 3 3 3 3 3 3 3 3

A3T-GCN [71] 3 3 3 3 3 3 3 3 3 3 3

MTGNN [75] 3 3 3 3 3 3 3 3
ARIMA [76] 3 3 3 3 3
MPNN [77] 3 3 3 3 3 3 3 3
MPNN+LSTM [78] 3 3 3 3 3 3 3
MPNN+TL [72] 3 3 3 3 3 3

communication paradigms. However, recent developments have introduced GNN clus-
tering into the discourse for a more nuanced and e ective approach.

The integration of Al and ML techniques, as demonstrated in works such as [8,
9, 30], highlights a focus on predictive and real-time decision making. Resource
0 oading, discussed in studies by [1, 4, 23], addresses incentive mechanisms and
energy-aware decisions for optimal resource utilization.

The cloud computing paradigms, including VCN and VEC, contribute to architec-
tural considerations. The introduction of the ADMM by [59] shows energy-e cient
computing strategies. Architectural discussions by [20, 33] emphasize the role of
cloudlets and edge computing in shaping resource allocation within VCC.

E cient communication paradigms involving Het-Net, VANETS/MANETs, and
loV/IoT are addressed by studies such as [8, 12, 13, 60]. These studies underscore
the importance of seamless connections in the VCC, promoting e ective resource
allocation through robust communication strategies.

GNNSs, as exempli ed by works such as [16, 17, 66], bring a distinctive dimension
to resource allocation optimization in VCC. GNN clustering o ers a novel means to
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enhance resource utilization e ciency by leveraging the inherent relationships and
interdependencies within the VN. This integration of GNNs aligns with the broader
framework of Al and ML techniques, contributing to the ongoing e orts to re ne and
adapt resource management strategies in the dynamic VCC environment.

This approach holds promise in addressing VCC's evolving challenges. The syn-
ergy between GNN clustering and existing resource allocation methodologies not only
underscores the adaptability of VCC but also re ects a forward-looking perspective
in the pursuit of intelligent and optimized vehicular cloud systems.

Building on the diverse methodologies explored in related works covering Al/ML,
0 oading, cloud computing, remote network communications, and architectures de-
mands attention. Challenges persist despite strides in using Al / ML for decision
making and optimizing resource utilization through o oading and cloud computing.
The challenge involves navigating the intricate interplay of these technologies, ensur-
ing e cient remote network communications, and maintaining resilient architectures
to address the dynamic nature of VNs amid evolving technological paradigms.



Chapter 4
Problem Statement

VNs represent an intelligent and interconnected system of mobile vehicles engaged
in collaborative resource sharing. In this context, each vehicle follows a designated
route with specic starting and endpoints, called a traversal path. The inherent
high mobility of vehicles introduces a dynamically evolving topology, which presents
challenges in resource allocation and connectivity. The dynamic nature of the network
poses di culties, leading to errors in both over-loading and under-loading resources.
Further, impacting the connectivity of these resources. Addressing these challenges is
critical to ensuring e cient resource utilization and network performance within the
complex and dynamic landscape of VNs.

Thus, high mobility within a network presents various challenges in terms of reli-
ability. Mobility means that nodes will start and end their route, and resources will
change as they travel. Due to mobility, the risk of reliability arises as nodes will enter
and exit ranges for connectivity with other nodes within range to assist with the com-
putation and communication of requests. With uncertainty of reliability, concerns for
QoS and errors arise when assigning resources. In shorter time frames, nodes will
have to interact with one another, allowing for connection, communication, sharing
of resources, and the delivery of services. The ability to be predictable is essential to
maintain QoS and reduce errors within the network.

The challenges of connectivity revolve around the e cient and e ective sharing
of resources between the various nodes in the environment without decreasing the
QoS, and of the nodes and wasting energy. With QoS occurring when nodes exit
the range of one another or a surplus of nodes are requesting resources, it may over-
load the resources and further reduce Qo0S. Servers may also experience disturbances
due to the of networks through the potential of large volumes of message requests
amongst nodes in the network. Unexpected network disturbances and poor commu-

43
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nication continue to be among the top challenges experienced in all network regions.
These disturbances may be due to many parameters, such as faulty infrastructure
or hardware of mobile devices, interference, or system overload. Communication
and mobility are the key parameters for an e cient and e ective network. Recent
work based on resource management is priority-based [79]. This work emphasizes the
allocation of resources through priority-based modelling in a VN, considering each re-
guest's distance, connection, and deadline before placing it in the priority queue and
allowing for better decision-making when prioritizing requests within the network.
Work lacks robust reliability in a highly mobile network, resulting in unreliability
and interruptions in communication.

Traditional works involving clustering often require frequent re-organization of
clusters, resulting in high overhead due to the dynamic nature of vehicles. A signi -
cant challenge with traditional clustering algorithms is the inability to predict future
clusters and the best future cluster.

Another approach is the application of GCNs, such as in the scenario of Deep
Graph Infomax (DGI) proposed by Velickovic et al. [80]. This approach aims to
optimize mutual information and leverage high-level summaries of graphs through the
derivation of GCNs. There is a great improvement with the applications of GCNs by
enabling intelligent decisions to occur within the network at the vehicular node level
to reduce the loads on the infrastructure (cell towers, RSU, etc.), improve autonomy,
and increase connectivity within the fog by communicating within the neighbourhood.
The limitation of this approach is the cost of the resources of the vehicular node, such
as energy, space, and computing resources.

Similarly, Shen et al. [16] propose using Temporal Aware Multi-Interest Graph
Neural Network (TMI-GNN) in a mobile network to determine session-based accom-
modation. This work aims to expand the extraction of information to multiple nodes
through multi-interest graphs and dwell time. This work o ers improvement with the
applications of GNNs by enabling intelligent decisions to occur within the network
at the mobile node level to reduce the loads on the infrastructure (cell towers, RSU,
etc.), improve autonomy, and increase information sharing within the neighbourhood.
The limitation of this approach is the cost of node resources, such as energy, space,
and computing resources.

Furthermore, Rahamani et al. [66] conducted a survey that outlined the vari-
ous uses of GNNs in ITS and o ered a comprehensive overview beyond traditional
tra c forecasting. The survey microcategorizes studies based on their speci ¢ appli-
cations, covering diverse domains such as tra c forecasting, demand prediction, au-
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tonomous vehicles, intersection management, parking management, urban planning,
and transportation safety. Unlike previous surveys, it identi es neglected aspects
in ITS, including the underexplored role of edge and graph learning, the need for
multi-modal models, and the potential of unsupervised and reinforcement learning
methods to enhance GNN capabilities. The survey also highlights popular baseline
models and datasets in each transportation domain, providing a valuable resource for
the development and evaluation of future GNN-based frameworks. In general, this
survey contributes signi cantly to understanding the evolving landscape of GNNs
in ITS, pinpointing new research directions, and fostering innovation in intelligent
transportation systems.

Various forms of GNN exist, such as GCN, SGC, GAT, and GraphSAGE. GCN,
Simpli ed Graph Convolution (SGC), GAT, and Graph Sample and Aggregation
(GraphSAGE) stand out as pivotal architectures in the eld of GCN. GCN [67], a
foundational model, introduced the concept of graph convolution, e ciently aggre-
gating information from neighbouring nodes. However, its limitations in handling
intricate graph structures led to innovations such as SGC [81], simplifying the con-
volution operation to improve training speed and scalability. With its incorpora-
tion of attention mechanisms, GAT [68] allows nodes to focus selectively on crucial
neighbours, enhancing the model's ability to capture nuanced relationships. Graph-
SAGE [82], on the other hand, introduces a sampling strategy to address scalability
issues, which proves to be e ective in scenarios where node features are based on
local neighbourhood characteristics. Together, these GNNs represent a spectrum of
approaches, providing valuable insight into the evolving landscape of graph-based
learning, catering to diverse graph structures and computational demands.

In summary, integrating clustering and GNNs presents a promising avenue to
improve decision-making processes and optimize connectivity within VFC. This syn-
ergistic approach, while holding substantial potential, is not without its associated
challenges and drawbacks. The identi ed issues in the implementation of Priority-
Based Resource Allocation, as explored by Ehsan [79] and various works with GNN
architectures, include:

Scalability of the Network - The expansion of the network to accommodate
more nodes, incorporating various paradigms such as V21, V2R, V2V, and V2X,
poses a challenge. This growth introduces additional complexity, requiring con-
stant adjustments to prioritization weights and resource allocation strategies.
The larger network size may impact resource availability, potentially decreasing
reliability and accessibility. Optimization is crucial to prevent overloading the
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system with an in ux of requests and ensure e cient resource utilization.

" Reliability - The grouping and organization of physical resources within the
network must be enhanced to mitigate inaccessibility, corruption, overload, out-
of-range, or hardware/connectivity-related malfunctions. The improvement of
resource reliability involves dynamic and intelligent allocation of resources, as
well as adjustments to resource clusters. This approach aims to create a more
robust model, enhancing the system's e ciency.

VNs face challenges in stability due to the constant mobility of vehicles within the
network. This results in vehicles moving in and out of range from other vehicles and
stationary network infrastructure (e.g., RSUs and towers). This dynamic nature of
vehicle mobility creates an environment in which connectivity uctuates based on the
ever-changing proximity of vehicle nodes within the network, resulting in inconsistent
and unreliable communication between vehicle nodes and the supporting stationary
infrastructure. To address this issue, a promising approach involves grouping nodes
and their cluster members within proximity to form clusters, each led by a cluster
head with direct contact with an RSU. This method demonstrates enhanced overall
stability as cluster members collaborate to extend the RSU range through multiple
hops facilitated by the cluster head, e ectively preventing network ooding.

However, further improvements are imperative to optimize vehicle groupings, es-
pecially considering the continual changes in group compositions due to the high
mobility of vehicles. This proposed model aims to optimize groupings for extended
lifespans and stability between networks, using future projections of vehicle move-
ments within the network. The schematic representation of the VN, as shown in
Figure 4.1, provides an overview of the fog-based approach, illustrating its potential
to address the challenges associated with the stability of the vehicular edge.

Addressing the intricate challenges of scalability and reliability in VFC requires
a comprehensive and nuanced strategy. E ectively managing these complexities re-
quires advancement in algorithms and strategies. One such strategy is exploring the
full capabilities of clustering and GNNs to establish a resilient, scalable, and e cient
resource allocation infrastructure. The inherent graph-like structure and mobility pat-
terns of VNs are well suited to the relational learning capabilities of GNNs [72]. This
approach is vital in adapting to VNs' dynamic and ever-evolving landscape. Through
sustained commitment to innovation and interdisciplinary collaboration, the potential
to overcome scalability and reliability issues in VFC connectivity becomes attainable
and a catalyst for the advancement of intelligent transportation systems.
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Figure 4.1: Overview of a VN clustering vehicle to illustrate a VN. The icons are
from Flaticon.com



Chapter 5
Real-World Applications

Some theoretical scenarios and real-world applications of this research include, but
are not limited to, the following.

Safety Applications Safety applications of VNs are crucial in managing un-
usual tra c patterns, dense tra ¢, emergency vehicle noti cations, road haz-
ards, and collision avoidance. By utilizing sensors and data exchange among
vehicles, these applications enhance safety by sharing information about the
surroundings and routes to disperse or re-route tra c in potentially hazardous
areas. For example, they can alert drivers to vehicles that are driving against
tra c on a highway, car accidents along the route, or sudden tra ¢ slowdowns.
Emergency services can use these systems to nd the fastest routes and alert
other vehicles to clear a route in advance. This not only bene ts all vehicles on
the road, but also helps emergency services reach those in need more quickly,
potentially saving lives.

Tra ¢ Management Building on safety applications, is another crucial real-
world application of VNs. This technology can provide optimized routes, dis-
perse trac, adjust trac ows, and dynamically route vehicles as needed.
For example, during peak tra c times such as rush hours, sporting events, or
concerts, large volumes of vehicles enter or leave an area simultaneously. oV
(Internet of Vehicles) can assist by assigning lanes to minimize lane-switching
delays, synchronizing tra c lights with demand, and dynamically routing ve-
hicles to disperse tra c and reduce bottlenecks. This helps maintain smooth
tra c ow. Additionally, in construction zones, loV can reduce speeds, manage
tra c volumes, and assign lanes ahead of time, minimizing bottlenecks. E ec-
tive tra ¢ management ensures a steady ow of vehicles, enhances safety for
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A

drivers and pedestrians, and prevents reckless driving often caused by conges-
tion.

Infotainment and Convenience  Practical uses of VNs for infotainment and
convenience can greatly enhance the driving experience by o ering internet
access, location-based services, eco-driving assistance, and remote vehicle di-
agnostics and maintenance. For instance, location-based services can inform
drivers and passengers about nearby service centers, gas or electric charging
stations, and attractions along their route. Remote diagnostics and mainte-
nance can proactively schedule repairs and upkeep, ensuring the vehicle stays
in optimal condition. Eco-driving assistance helps maintain a consistent traf-

¢ ow by advising drivers on optimal speeds, reducing the slowdowns caused
by abrupt braking and accelerating, thus improving fuel e ciency and overall

tra c e ciency.

Autonomous Driving and Environmental Autonomous driving and envi-
ronmental applications of VNs encompass a range of innovative uses, including
tra ¢ management, platooning, intersection management, cooperative percep-
tion, and eet management. For tra c management, autonomous vehicles can
e ciently negotiate tra c lights, assign lanes, and reduce slowdowns. For in-
stance, if all vehicles are autonomous, a four-lane road could dynamically adjust
to three lanes in one direction during high tra ¢ volumes, essentially shifting
the center line based on real-time needs. Platooning allows vehicles to coordi-
nate and travel closely together, reducing wind resistance and improving fuel
e ciency. Additionally, vehicles sharing sensor data can enhance their percep-
tion of the environment, leading to better decision-making and optimized routes
as conditions change.

A series of stakeholders is provided in the Background Section 2.7



Chapter 6

GNN-based Vehicular Edge
Clustering Baseline

6.1 Graph Baseline

This section focuses on improving the formation of clustering of vehicular edge net-
works using GNNs. An enhanced GNN-based clustering approach signi cantly re-
duces latency, enhances network stability, and contributes to the scalability of VNs

in future work. Our work aims to verify that baseline clustering remains consistent

after analyzing and formatting the data with a GNN where relevant features may be

added exibly in our model for more precise and timely forming of vehicular edges.
This is a particularly crucial endeavour, given the dynamic nature of VNs and the

need for e cient utilization of resources.

6.2 VANET Graphs

feature matrix with X 2 RN ¢ and c indicating the dimension of the node features.
The function maps a nodev; to its corresponding characteristic vectorX;. It is
important to note that undirected graphs are considered in this context. The node
feature vectors are crucial in encoding information about the node type (e.g., Tower,
RSU, or car) and its associated attributes, such as position and speed.

In this framework, edges connecting these nodes represent the Euclidean distance
between them, con ned within a prede ned range from zero to a maximum set dis-
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Figure 6.1: Multi-Interest Graph of loVs

tance. The maximum distance varies according to the scenario and the type of node
involved. For instance, Tower and RSU nodes may have a larger range than vehicle
nodes, which typically have a shorter connection range. Furthermore, external factors
such as weather conditions and buildings can impact this range, a consideration that
will be addressed in future work.

This structured VANET graph serves multiple purposes within the model, includ-
ing supporting visual representations. Figure 6.1 visually depicts the VANET graph,
showing nodes such as Tower 1 and RSU 1 along with their connections and asso-
ciated features. Providing an example of a multi-interest graph in VNs consisting
of V2V, V2I, and 121 connections. Each vertex can be considered a vector with the
car's various features (X, y, speed, acceleration, direction, futuse future_y, type,
etc.). Each edge is a representation of the distance between nodes. This may also be
represented as a tree to show the hierarchical signi cance of communication within
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the network.

6.3 Architecture

GNNs are models that learn by structuring data as a graph into latent low-dimensional
representation while preserving the graph properties. GNNs employ a mapping
f :G! Z 2 RN “ whereZ is an updated feature matrix ofG. Each layer of

a GNN typically consists of two steps: l)aggregation stepwhere the information
about the neighbourhood of every node is gathered; @pdate stepwhere the feature
vector of every node is updated based on its current feature vector and the aggre-
gated neighbourhood information. These steps are applied as often as the number of
layers in the GNN. The output of the nal layer is used for downstream tasks, such as
node classi cation, link prediction, and clustering. In the literature di erent imple-
mentations of the GNN layer are proposed, such as (GCN [67]), (SGC [81]), (GAT
[68]), GraphSAGE [69], TGNN [83], TGCN [71] and A3T-GCN [70]. The main
di erences between di erent GNN layers consist of the type of aggregation performed
(e.g., which edges are considered) on the graph structure. GCNs use convolutions in
the neighbourhood to capture localized graph patterns, helping to predict tra c ow
and anomaly detection and driving improvements in network management. GATs
implement an attention mechanism that enables nodes to concentrate on relevant
neighbouring nodes. Therefore, facilitating the modelling of varying inter-vehicle re-
lationships is crucial for understanding tra ¢ dynamics. Additionally, GraphSAGE
takes a unique approach to learning node embeddings through sampling aggregation
to optimize training for large data sets.

GAE [84] is a GNN architecture that operates unsupervised or self-supervised.
It learns valuable graph representations from an unlabelled dataset and transfers this
knowledge of representations to downstream tasks, such as clustering. A GAE is
composed of an encoder and a decoder. The encoder transforms the input graph
into a lower-dimensional latent space. The output of the encoder is the input of the
decoder. The decoder aims to reconstruct the original input graph (structure and
node features) from the latent representation. Figure 6.2 depicts this model.

The encoder in this thesis comprises two layers; experimenting with two GCN
layers, GAT layers, and GraphSAGE layers. The dimension of the input layer is the
dimension of the features of the vehicle, and the output dimension is prede ned
(e.g., ve in this experiment). Let A be the adjacency matrix of graph G. For this
GCN-based encoder, for &-layer GCN, the layer-wise propagation rule is given by:
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Figure 6.2: Architecture of the GAE model.
H&D = §(H®:; A) = relu(DzAD zHOwW®): (6.1)

whereA = A+ 1, | is the identity matrix, D is a diagonal matrix with D = j’\':lAij ,
H®O and W are the feature and weight at theK " layer, respectively, and relu() is
the Recti ed Linear Unit (ReLU). H© is the matrix of the node feature vectorsX ,
and H®) is the (deterministic) graph embedding matrixZ .

The decoder in this thesis is a vanilla model based on the inner product between
the latent representations of two nodes. In other words, the graph adjacency matrix
A is reconstructed from the inner product of the latent two-node representation as
A = (ZZ7) where is the activation function of the sigmoid. The learning phase
of this model involves minimizing the reconstruction loss function, speci cally, the
di erences between the input graph and the reconstructed graph, using gradient-
based optimization. Model training occurs in unsupervised learning where the graph
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reconstruction error is minimized:

* (A log®)+ (L Ay)log %)) 6.2)

wherey) denotes the probability of an edge with logits between the node and v;.
Once trained, this model transforms the VANET graphs to their latent representation.
This low-dimensional representation contains rich global-local structural information
and facilitates e cient vehicle clustering.

6.4 Settings

The experimental setup involves comparing a baseline clustering algorithm, K-Means,
directly applied to original VANET graphs without any prior transformation, con g-
ured with 10 clusters and running for 1000 iterations. Our proposed method, GAE,
undergoes training for 5000 epochs with node feature dimensions setcte 6 for
latitude, longitude, future latitude and longitude, acceleration and node type infor-
mation. Various maximum distance criteria are used to simulate various vehicular
scenarios, such as 180 for V2V connections, 256 for V2R connections, and 50&

for 12I. The simulated environment has a vehicle density of approximately 14 cars per
km?, along with 300 vehicles and 10 infrastructure nodes. Random edge sampling is
conducted to create di erent training, validation, and testing sets, with an edge ratio
of 0:05 for training to validation sets and 015 for training to testing sets. Optimiza-
tion employs the ADAM [85] strategy with a learning rate of @01, chosen for robust
evaluation and meaningful comparisons between the proposed GAE method and the
baseline clustering approach.

6.5 GNN Model

GNNSs present a paradigm shift in the analysis of graphs within VNs, o ering a
host of advantages. This innovative technique not only addresses the complexities
inherent in graph-related problems but also introduces a fresh perspective on reducing
computational challenges, learning intricate patterns, and signi cantly minimizing
margins for error. In contrast to conventional clustering algorithms such as K-Means
Clustering, GNNs stand out by providing a more nuanced and adaptive approach,
harnessing neural networks' power to capture the inherent intricacies of the dynamic
data. Similarly, one of the distinguishing features of GNNs is their ability to leverage
the inherent relationships and dependencies among graph nodes, allowing for more
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accurate and context-aware analysis within VNs. This nuanced understanding of
the between vehicular elements enables GNNs to outperform traditional clustering
algorithms in terms of precision, adaptability, and predictability.

A GNN model involves a multistep process, starting with the completion of graph
generation, which is integral to enabling the subsequent embedding. During the em-
bedding process, the nodes within the graph are transformed into numerical vectors,
serving as concise representations of their features and relationships. The model then
iteratively aggregates information from each node's neighbours, constructing a de-
tailed representation of the graph structure from the viewpoint of each node. The
process commences with the random initialization of vectors for node embeddings, fol-
lowed by message-passing steps, where information is exchanged between nodes. This
iterative aggregation continues until convergence or a speci ed number of iterations.
The resulting embeddings, capturing the learned relationships, act as input features
for tasks like node classi cation and link prediction. This holistic approach equips
GNNs to uncover intricate patterns within graph-structured data, o ering versatility
for diverse applications.

GNNs demonstrate optimal performance in networks with limited connectivity,
making them particularly advantageous in low-density scenarios. Therefore, it be-
comes crucial to de ne the level of urbanization based on the density ratio between
the population and kn? [86]. Speci cally, a city is classi ed as having a population of
less than 50,000 with a density of grid cells exceeding 1,500 people pef.kifowns
and semi-towns belong to populations ranging from 5,000 to 50,000, with a grid cell
density exceeding 300 people per Km Rural areas are characterized by densities
below 300 people per kfn This classi cation framework ensures a sophisticated
understanding of urbanization levels in alignment with the suitability of GNNs for
varying network densities.

Considering GNNs, there are many variants and types. For this thesis, VGAE,
GCN, GAT, SGC & GraphSAGE, and Temporal are discussed. These GNN models
are inspired by and leveraged from previous work and compared against one another
using a VGAE model. These works are described as follows.

VGAE

Introduced by Kipf and Welling in 2016 [84], Variational Graph Auto-Encoder
(VGAE) represents a signi cant step in graph representation learning. This approach
employs variational inference to model graph-structured data within a probabilistic
framework. The distinctive feature of VGAE lies in its introduction of a probabilistic
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latent space, enabling the model to encapsulate uncertainty and generate embeddings
that re ect the inherent stochastic nature of graph-structured data. By seamlessly
integrating principles with variational methods, VGAE generates meaningful node
embeddings while accounting for the uncertainty associated with each embedding.
This dual functionality positions VGAE as especially suitable for scenarios where un-
derstanding uncertainty in the underlying graph structure is pivotal for downstream
applications, such as link prediction or node classi cation in relational data. The
model has demonstrated applicability across diverse domains where capturing nu-
anced relationships within graphs is paramount, thereby solidifying its signi cance in
the evolving landscape of graph representation learning.

VGAE Algorithm lllustrated in the algorithm provided (Algorithm 1), which
serves as a reference from the model presented in [84], the VGAE model stands
as a probabilistic framework designed to acquire representations of nodes within a
graph. The algorithm begins by de ning the input data, including the graph structure
(represented byG = (V;E), the number of nodesN, the adjacency matrix A, the
degree matrixD, and matrices for latent variablesZ and the characteristics of the
nodesX . The primary goal is to optimize the variational parameters\;.

Algorithm 1: VGAE Model [84]
Input : Graph G =(V;E),
NodesN = jVj,
Adjacency matrix A,
Degree matrix D,
Latent variable matrix Z =[N  F],
Node feature matrix X =[N D]
Output: Optimized variational parameters W ;
1 Inference Model:
2 Wo=[, Wp=[] =GCN (X;A)

3 GCN(X;A) = AReLU(AXW o)W, A=D ?AD *
4 oZiX;A)= T o@ziX:A) q(zijX;A) = N(zj i;diag( ?));
5 Generative. Model:

oI

6 P(AJZ)= "2y o1 P(Aj]ziiz)
7 p(Aj =1jzi;z)= (ReLU(Z z));
8 Learning: Q Q

o KL[g( )iip( ) p(Z)= *p@)= "~ N(zi0;1)

10 L= Egzjxa)llogp(AjZ)] KL[A(Z]X;A)jip(2)];

11 Non-probabilistic Graph Auto-Encoder (GAE) Model:
12 Z=GCN(X;A) A= (zz7)

The inference model initializes the matrice¥Vy and W; and computes the mean
matrix ~ using a GCN with the node features and the adjacency matrix. The GCN
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involves matrix multiplication, ReLU activation, and normalization. Latent variables
Z are modelled as Gaussian distributions with means and diagonal covariances?.

Moving to the Generative Model, a probability distribution is de ned on the
adjacency matrix A given latent variablesZ. The probability of an edge existing
between two nodes is modelled using the sigmoid function applied to the inner product
of their latent representations.

During the learning phase, the algorithm optimizes the variational parameters to
maximize the Evidence Lower Bound (ELBO) on the log-likelihood of the observed
data. Involving minimizing the Kullback-Leibler (KL) divergence between the in-
ferred and prior distributions of latent variables. The non-probabilistic GAE model
is also compared, employing a simpler approach without the probabilistic framework.

In summary, VGAE aims to learn a probabilistic representation of the graph struc-
ture, capturing uncertainties in the latent variable space. The algorithm's learning
process involves optimizing model parameters to reconstruct the graph while consid-
ering uncertainty in the latent variable space, providing a more nuanced and robust
representation of graph data.

GCN

In 2017, Kipf and Welling introduced GCN [67], marking a groundbreaking milestone
in graph-based learning. GCN tackles the challenge of learning representations for
graph nodes through a localized convolutional operation reminiscent of traditional
convolutional networks used in image data processing. This innovation allows GCN
to e ciently capture the structural dependencies inherent in graphs by aggregating
information from neighbouring nodes. In particular, GCN excels at generating ex-
pressive node embeddings, providing robust node-level representations. The model's
simplicity and scalability of the model have contributed signi cantly to its widespread
adoption, solidifying its position as a fundamental component in the landscape of
GNNs. The success of the model in tasks such as node classi cation and link predic-
tion has established it as a foundational model, in uencing subsequent developments
in methodologies for graph-based learning.

GCN Algorithm  The GCN Algorithm 2 inspired by [67]. The algorithm takes
as input a graphG = (V; E) with nodes and edges, an adjacency matri&k specifying
node connections, node featureX, for all nodes, labelsyY, for labelled nodes, and
model parametersW? W?. The goal is to generate a latent representatiod for the
nodes.

The algorithm operates in a loop ovelL layers, where each iteration involves a
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series of operations. Initially, it normalizes the adjacency matri& using the degree
matrix D, which prepares the graph for convolution operations. Subsequently, it
performs a graph convolution using the normalize& and node features, followed by
ReLU activation and softmax operation. This process is encapsulated in the forward
passZ = f(X;A). The algorithm then calculates the cross-entropy losk based
on the predicted latent representationZ and the labels providedy, for the labelled
nodes.

The key concept in each iteration is the graph convolution, where the transformed
adjacency matrix A uses propagating information between neighbouring nodes. The
nal latent representation Z obtains the combination of these operations. The algo-
rithm repeats this process for the speci ed number of layers, enhancing the model's
ability to capture complex relationships in the graph. The resulting latent represen-
tation Z is valuable for downstream tasks such as node classi cation. In general,
the GCN algorithm demonstrates the ability to take advantage of both the graph
structure and the node features to e ectively learn the node representation.

Algorithm 2:  Graph Convolutional Networks

Input : Graph G =(V;E),

Adjacency Matrix A,

Node FeaturesX, forall v2 V,
LabelsY | for labelled nodes,
Model parametersw (@; w (1)

Output: Latent RepresentationZ
1forl=1to L do
2 | A=D zAD :

3 | Z=1f(X;A)=softmax(A ReLUAXW %)w1)
L= "y F Yy nzf

4 return Z

GAT

The GAT, pioneered by Velickovic et al. in 2018 [68], marks a substantial advance
in the landscape of graph neural network architectures. GAT introduces attention
mechanisms to the graph domain, allowing nodes to attend to di erent neighbours
selectively during the aggregation process. This innovative approach empowers GAT
to capture intricate relationships within the graph by assigning varying importance
weights to di erent nodes during the information aggregation phase. Incorporating
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attention mechanisms enhances the model's discernment and prioritization of rele-
vant information, making GAT patrticularly e ective in scenarios where nodes hold
varying degrees of signi cance. The model's adaptability, scalability, and capacity to
navigate complex graph structures have rmly established it as a potent tool in tasks
ranging from node classi cation and recommendation systems to various applications
in graph-based learning.

GAT Algorithm  The Algorithm 3 presented is the GAT model inspired by [68].
The algorithm takes as input the number of nodeBl, the number of featured~, a set
of node featuresh represented as vectors ilRF, and a weight matrix W. The goal
is to produce updated node featurek? represented as vectors ifRF’, where F° may
dier from F.

The rst step involves converting the list of node features into a 2D numpy array
hmatrix » €Ssentially organizing them into a matrix where each row corresponds to a
node feature vector. Subsequently, the weight matri¥V is applied to every node,
resulting in hS ... , which represents the updated node features in matrix form.

The attentional mechanism combines with a functiora : RF°  RF°! R, which
de nes how the nodes interact with each other. The attention coe cientse; are
calculated based on the features of the transformed node using the weight matrix.
These coe cients undergo a softmax transformation to ensure proper normalization,
resulting in attention weights j; .

A Leaky Recti ed Linear Unit (LeakyReLU) activation function is applied to the
attention coe cients to introduce non-linearity and handle negative values. The nal
step involves updating the node features using a multi-head attention mechanism.
Three strategies are presented: concatenation, averaging, and a general update, each
with its formulation denoted by i°. The nal result, h? is a list of the node features
updated in RF".

This algorithm encapsulates the essence of an Attentional Graph Layer, providing
a comprehensive understanding of the processes involved in updating node features
based on attention mechanisms.
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Algorithm 3:  Graph Attentional Layer with Epochs
Input :  Number of NodesN,
Number of FeaturesF,
Node featuresh = fhy;,; iy g, where h; 2 RF,
Weight matrix W,
Number of epochsE
Output: Updated node featuresh®= fh9;n; :::; i g, where h®2 RF°
for epoch 12t0 %do

=

hy
h2
2 Nmarix = .
hn
3 hgﬁatrix =W h1r;latrix
4 hO = [ hO.tolist() for h®in h. . ]
5 | & = aWhi;Why)
6 j = softmax(e; )= P—e®(ei)

k2w, EXP(Ei)

— P exp(LeakyReLU( a') [WHhijjwhj])
‘2 ~exp(LeakyReLU( aT) [W T;jjW fig])
RO = 1 rbl K P k kﬁ
8 [ (K lb:l i2N; ijW J)
_ k \pn/ k
9 ng = kE:ll P(K 2N thj )k
10 = (& k=1 jan, o WETY)

7 ij

11 return ©O

SGC & GraphSAGE

Two in uential architectures in GNNs that have signi cantly advanced graph repre-
sentation learning are SGC and GraphSAGE. SGC, introduced by Wu et al. in 2019
[81], streamlines graph convolution by eliminating nonlinearity and weight matrices,
thus boosting training e ciency while maintaining competitive performance. This
simpli cation renders SGC a computationally e cient choice, especially well-suited
for large-scale graph-data scenarios. Conversely, GraphSAGE, proposed by Hamilton
et al. in 2017 [69], introduces a sampling strategy tailored for inductive learning on
expansive graphs, allowing nodes to aggregate information from a xed-size neigh-
bourhood. GraphSAGE's versatility in accommodating various aggregation functions
makes it particularly e ective in situations where node features rely on the character-
istics of their local neighbourhoods. SGC and GraphSAGE address crucial challenges
in graph representation learning, providing e cient and scalable solutions applicable
across diverse domains.

SGC & GraphSAGE Algorithm The GraphSAGE algorithm 4, introduced
by Hamilton et al. in 2018 [82], is designed for learning node representations in a
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graph. The algorithm takes a graphG with nodesV V and edge<E, along with input
featuresx, for each nodev in V. It employs a speci ed depthK to iterate over the
graph, updating the node representations in each iteration.

The algorithm's core involves aggregating information from a node's neighbour-
hood using di erentiable aggregator functionsAGGREGAT E  for each iterationk.
These aggregated values combining with the current node representations using weight
matrices WX and a non-linear activation function . The result is a re ned represen-
tation for each node, capturing its features and information from its neighbours.

The algorithm repeats this process foK iterations, gradually re ning the node
representations. A neighbourhood functiolN de nes each node's neighbours i .
After the nal iteration, the obtained representations z, for all nodesV are collected
as the output.

GraphSAGE leverages iterative aggregation and transformation steps to learn
expressive and context-aware representations for node nodes, making it a valuable
tool for various graph-based machine-learning tasks.

Algorithm 4: GraphSAGE Model [82]
Input : Graph G =(V;E),
Input Features x,;8v 2 V,
Depth K,
Weight Matrices WK;8k 2 f 1;:::K g,
Non-Linearity
Di erentiable Aggregator Functions AGGREGATE ;8k 2f1;::;;K g,
Neighbourhood FunctionN :v! 2V
Output: Vector Representationsz,; 8v 2 V
hk  x,;8v2V
for k=1 to K do
for v2 V do
h () AGGREGATE y(h§ *;8u2 N(v))
hk (WK CONCAT(hf *hK )

a » W N P

k h
.
hy khbkz,8v2 V

72z, hk:;8v2v

o

6.6 Remarks

The analysis explores the performance comparison of three prominent GNNs. GCN,
GAT, and GraphSAGE in a snhapshot scenario in static time. Evaluating various

clustering metrics and classi cation measures, providing insight into the processing
results of each GNN approach compared to a baseline of K-Means. In particular, all
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GNNs exhibit distinct processing perspectives, re ected in graph plots showing cluster
formations and resource allocations. Metrics such as Average Distance to Centroid,
Silhouette Score, and Davis-Bouldin Index o er quantitative assessments of clustering
guality, with GNN approaches demonstrating consistent trends and improvements
over the baseline. More detailed analysis is available in Section 10.3. Additionally,
analysis of Area Under the Curve (AUC) and Average Precision (AP) metrics reveals
steady performance enhancements over epochs, underscoring the e cacy of GNN
models in clustering and classi cation tasks. The ndings suggest promising avenues
for further re nement and optimization of GNN-based methodologies with a dynamic
approach.

The e ort to improve vehicular edge networks through GNN clustering targets
latency reduction, stability enhancement, and scalability improvement, showcasing
superior performance compared to K-Means clustering in initial baseline tests. Using
the classic clustering approach in VNs proves to be e ective in partitioning datasets.
The analysis, incorporating metrics like Average Distance to a cluster's centroid, SSE,
MSE, and silhouette scores, consistently indicates improvements with GNN models
over the K-Means baseline. Evaluation metrics such as AUC and AP demonstrate
sustained enhancement across GNN approaches, GAT, GCN, and GraphSAGE, con-
sistently achieving 'Good' AUC values. In particular, the turning point for improve-
ment is observed between eight and ten clusters in the Cologne, Germany scenario,
serving as a basis for assigning ten clusters in subsequent snapshots. These promis-
ing results suggest further potential for re nement through sensitivity analyzes and
extended training epochs, reinforcing the e ectiveness of GNN-based vehicular edge
clustering in dynamic VNSs.



Chapter 7
Iterative Graph Clustering

Continuing the trajectory outlined in Chapter 6, the re nement of the static baseline
approach promises to enhance the training capabilities of the GNN model within the
intricate landscape of dynamic environments. In this chapter, we explore diverse time
snapshot graphs, aiming to unravel the intricacies of how the GNN model adapts to
temporal variations. The subsequent analysis, documented in Chapter 7, meticulously
scrutinizes the e ciency disparities inherent in iterative graph training in distinct
methodologies. Comparison of the performance of static, live, and hybrid approaches
highlights the importance of the dynamics that shape their e cacy. Building upon
these insights, Chapter 8 takes a forward step by introducing edge weights in an
iterative approach, a pivotal element in cluster formations.

The iterative approach strategically integrates multiple graph snapshots into the
GNN, simulating a dynamic environment. Departing from traditional static methods,
this dynamic, iterative approach continuously feeds evolving graph representations
into the GNN, emphasizing the real-time adaptability of the model. The challenge lies
in facilitating the sharing of network edges within VEC, which requires consistent and
reliable communication among a cohort of vehicles over a speci ed duration. Focusing
on a more con ned region, the edge, introduces heightened sensitivity to dynamic
changes in topology, in uencing the intricacies of data and resource management.
The dimensions of the cluster play an essential role in determining the complexity,
scale, and accessibility of both data and resources. Consequently, vehicle clustering
becomes paramount for VEC, particularly in intricate ITS environments characterized
by numerous con icting dynamic features.

The deliberate decision to exclude edge weights in this model was aimed at sim-
plifying complexity while emphasizing the importance of edge weights, as explored in
Chapter 8. This choice results in a streamlined GNN architecture, potentially improv-
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ing computational e ciency and relevance within VNs. By removing edge weights, the
model becomes more manageable and easier to comprehend, leading to faster training
times and enhanced interpretability of its behaviour. This streamlined approach en-
ables a focused examination of the impact of edge weights in various VN applications.
Moreover, aligning with the dynamic and fast-changing nature of VN, this simpli ed
architecture facilitates agile and responsive models suited to the network’s challenges,
emphasizing computational e ciency and real-time decision-making. Ultimately, this
strategic decision not only simpli es the model, but also sets the stage for deeper in-
vestigations into the nuanced role of edge weights in dynamic network environments
like VNs.

7.1 lterative Approach

The iterative approach improves the adaptability of the model by exploring static
approach, lag approach, and a combined hybrid approach approach, enabling contin-
uous re nement of insights from real-time datasets. This method ensures that the
model is evaluated in three settings to determine the best method for implementing
GNN-informed decision-making in dynamic environments.

Henceforth, three distinct approaches are considered for iterative graph baselines:
Static, Live, and Hybrid. Each approach will be thoroughly examined and compared
to delineate their respective contributions to optimizing dynamic clustering dynamics
within vehicular networks.

7.2 Settings

Further settings for the iterative approaches are included in Chapters 7 and 8.
Table 7.1 provides an initial overview of key parameters for three GNN training
approaches: " Static Train,” "Lag Train," and "Hybrid Train." Parameters include
the GNN type (GCN, GAT, SAGE), channel con gurations, cluster count, snapshot
range of static approach, learning rate, epochs, and cluster initialization for each
approach. Optimizing these parameters is crucial for GNN performance in various
applications, ensuring adaptability to speci ¢ scenarios.
Table 7.2 outlines the tests grouped into three categories: static, lag, and hybrid.
Each column denotes the type of approach and test name as a reference, along with
the parameters utilized, such as the number of static trains, the number of lags,
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Table 7.1: Approach Parameter Similarities.

Approach Parameter Value
GNN Type fGCN; GAT; SAGE ¢
Input Channel f2to 129
Hidden Channel f4 to 300y
Default Output Channel f2to 129
Num. Clusters 10
Learning Rate 0.001

Num. GNN Epochs 5000
Num. Cluster Epoch 1000

0. Baseline Snapshots 1

1. Static Train Snapshot Train f 1% to 50%g
Snapshots 100

2. Lag Train Num. Lag f1% to 25%g
Snapshots 100
Snapshot Train f5to 10%g

3. Hybrid Train Num. Lag 5
Snapshots 100

Table 7.2: Training Approach Tests.

Approach Test Param Value Train Iterations
Staticl Static-Train 1% 1
Static2  Static-Train 5% 5

Static Train Static3  Static-Train  10% 10
Static4 Static-Train  20% 20

Lagl Num. Lags 1 100
Lag2 Num. Lags 5 20
Lag Train Lag3 Num. Lags 10 10
Lag4 Num. Lags 20 5
Lag5 Num. Lags 25 4

Hyl Static Train  10% 30
Num. Lags 5

Hybrid Train Hy2 Static Train 5% 25
Num. Lags 5

and their respective values. It also indicates the frequency of GNN training in 100
snapshots for each test con guration.

7.3 Static Approach

One strategy for iterative clustering involves initializing the GNN through Static by
capturing a series of snapshots and Static the model based on these snapshots. This
critical step entails learning initial representations by Static on a speci ed snapshot
set determined by the Static parameter. The primary goal is to induce the model to
encode essential graph properties and leverage information from multiple snapshots,
enhancing its overall performance and robustness in subsequent tasks by conducting
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training in advance.

The Static Trained model, representing the GNN, kickstarts its learning journey by
using an existing dataset to train the model. This initial training provides the model
with valuable insights and patterns crucial for processing real-time VN information in
subsequent stages. Through this approach, the model gains an initial understanding
of the underlying structures and relationships within the data, establishing a solid
foundation for further advancements. This methodology is categorized as an o ine
approach.

Table 7.3: Table with Static Approach Paramaeters

Approach Test Param Value Train Iterations

Prel Static 1% 1
Pre2  Static 5% 5
Pre3 Static 10% 10
Pre-Train Pre4  Static 15% 15
Pre5 Static 20% 20
Pre6  Static 25% 25
Pre7  Static 50% 50

The table presented in Figure 7.3 provides a comprehensive overview of the static
approach, encompassing seven distinct tests labeled Prel, Pre2, Pre3, Pre4, Preb,
Pre6, and Pre7. Each test is characterized by a unique percentage of the dataset allo-
cated for training, denoted as the "value" column. Moreover, the "Train Iterations”
column signi es the calculated snapshot iterations required during the training loop
for each static test.

As illustrated in Figure 7.1, a visual representation of the approach is shown
through a bar chart. The x-axis represents the individual static tests (Prel to Pre7),
while the y-axis corresponds to the training iterations needed for each test. The
bar heights reveal a proportional relationship between the percentage of the dataset
used for static analysis and the ensuing training iterations. Speci cally, the chart
highlights a direct 1:1 ratio, indicating that an increase in static snapshots correlates
with a corresponding rise in the required training iterations.

7.4 Lag Approach

The lag approach involves periodic updates of the model during the training pro-
cess, enhancing the adaptability and responsiveness to changes in real-time data. It
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Figure 7.1: Training Iterations for Base & Static. The horizontal line at 100 represents
the number of snapshots

begins with a single initial representation and undergoes subsequent updates based
on speci ed lags to remain aligned with the current dataset snapshot. This strategy
minimizes start time and reduces training iterations, balancing model currency with
computational e ciency.

By integrating training updates as an ongoing process, the lag approach approach
aims to boost the overall performance and robustness of the GNN in subsequent
tasks. This real-time methodology ensures continuous improvement and adaptability,
dynamically adjusting to evolving graph data. Its alignment with the dynamic nature
of the data allows the GNN to capture and leverage vital information e ectively as it
unfolds, leading to improved predictive accuracy and decision-making capabilities.

The table in Figure 7.4 o ers a comprehensive overview of the live training ap-
proach, featuring nine distinct tests labelled Livel, Live2, Live3, Live4, Live5, Live6,
Live7, Live8 and Live9. Each test is characterized by the number of lags (num. Lags)
set for live training, denoted in the "Value" column. The "Train Iterations” column
also represents the calculated training iterations required to complete the live training
process for each test.

To visually represent the live training approach, Figure 7.2 displays a bar chart.
In this graph, the x-axis corresponds to the individual live training tests (Livel to
Live9), while the y-axis represents the training iterations needed for each test. The
bar heights reveal a correlation between the number of lags set for live training and
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Table 7.4: Table with Lag Approach Parameters

Approach Test Param  Value Train lterations

Livel Num. Lags 1 100
Live2 Num. Lags 2 50
Live3 Num. Lags 3 33
4
5

Lived Num. Lags 25

Live Train  Live5 Num. Lags 20
Live6 Num. Lags 10 10
Live7 Num. Lags 15 6
Live8 Num. Lags 20 5
Live9 Num. Lags 25 4

Live Training Iteration Count
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Figure 7.2: Training Iterations for Live Training. The horizontal line at 100 represents
the number of lags for live training.
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the subsequent training iterations. In particular, this chart illustrates the dynamic
nature of live training, where the frequency of lags impacts the number of iterations
needed. If the lag increases, the number of training iterations is reduced.

7.5 Hybrid Approach

The hybrid approach merges elements from static and live training methods to opti-
mize performance. Initially, the model undergoes a static approach with xed snap-
shots, akin to the static process. Subsequently, it transitions to live training, updating
at regular intervals. This combination enhances both robustness and agility, ensuring
that the model adapts to changing graph data e ectively.

By integrating static and live training strengths, the hybrid approach facilitates
ongoing improvement in a real-time setting. This strategy aligns with the dynamic
nature of graph structures, enabling the GNN to capture and utilize crucial infor-
mation as it evolves. The resulting model demonstrates resilience and e ciency in
subsequent clustering tasks.

In essence, the hybrid approach model blends the static and lag approach phases,
balancing stability with adaptability. It starts with a static foundational approach,
building core knowledge, and then incorporates real-time data iteratively. This ap-
proach, categorized as online, is well suited for tasks that require both basic informa-
tion and responsiveness to evolving data patterns.

Table 7.5: Table with Hybrid Approach Parameters

Approach Test  Param Value Train Iterations

Hyl Static 10% 30
Num. Lags 5

Hybrid Train Hy2 Static 10% 110
Num. Lags 1

Hy3 Static 5% 25

Num. Lags 5

The table 7.5 provides information on the hybrid approach approach, detailing
the di erent con gurations labeled Hyl and Hy2. The key parameters include the
approach used, the speci c test (test), the static applied (parameter), the static per-
centage (value) and the number of training iterations (Train Iterations). For example,
Hy1 involves Static with 10% of the data and utilizes 5 lag intervals, resulting in 30
training iterations. On the other hand, Hy2 follows a similar static setup with only 1



CHAPTER 7. ITERATIVE GRAPH CLUSTERING 70

lag interval, leading to 110 training iterations. It is important to note that the hybrid
model can have more training iterations than snapshots, resulting in ine ciencies
similar to Hy2, and should be carefully considered before running. Finally, Hy3 takes
5% static and has a lag of 5, resulting in 25 iterations.

hybrid approach Iteration Count
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Figure 7.3: Training lterations for hybrid approach. The horizontal line at 100 rep-
resents the number of lags for live training.

The accompanying gure, labelled as Figure 7.3, visualizes the training iterations
for the hybrid approach. The bars represent the hybrid tests (Hyl and Hy2), with
their respective training iteration counts displayed on top. The horizontal line at 100
is a reference point, indicating the number of lags for live training. This visualization
helps to compare the training iterations across di erent hybrid con gurations, clearly
understanding the training dynamics, and emphasizing the signi cance of live training
lags in the hybrid approach.

7.6 Remarks

Our analyses iteratively compare the performance of three prominent GNN mod-
els: GCN, GAT, and GraphSAGE, similar to that discussed in the previous chapter
(6). The iterative approach adds additional complexity by comparing the di erence

between Static, Lag, and Hybrid approaches. By evaluating a variety of clustering
metrics and classi cation measures, the study iteratively uncovers insights into how
each GNN model processes data compared to a K-Means baseline.
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Each GNN model presents unique processing perspectives and each iterative ap-
proach o ers unique advantages, which are iteratively re ected in graph plots illustrat-
ing cluster formations. Quantitative evaluations of cluster quality, including metrics
such as the average distance to the centroid, the silhouette score, and the Davis-
Bouldin index, iteratively demonstrate consistent trends and improvements over the
baseline throughout iterations.

For more detailed iterative analysis, the reader can refer to Section 10.3. Fur-
thermore, an iterative examination of metrics such as AUC and AP reveals steady
performance enhancements over epochs, iteratively highlighting the e cacy of GNN
models in iterative clustering and classi cation tasks. These iterative ndings suggest
iterative avenues for further re nement and optimization of GNN-based methodolo-
gies, particularly through an iterative and dynamic approach.

The e ort to improve vehicular edge networks through GNN-based clustering tar-
gets latency reduction, stability enhancement, and scalability improvement, showcas-
ing superior performance compared to K-Means clustering in initial baseline tests.
Using the K-Means algorithm, a classic approach in vehicular networks, is proved
e ective in partitioning datasets. The analysis, incorporating metrics like Average
Distance to a cluster's centroid, SSE, MSE, and silhouette scores, consistently indi-
cates improvements with GNN models over the K-Means baseline. Evaluation metrics
such as AUC and AP demonstrate sustained enhancement across GNN approaches,
GAT, GCN, and GraphSAGE, consistently achieving 'Good" AUC values. In partic-
ular, the turning point for improvement is observed between eight and ten clusters in
the Cologne, Germany scenario, serving as a basis for assigning ten clusters in sub-
sequent snapshots. These promising results suggest further potential for re nement
through sensitivity analyzes and extended training epochs, reinforcing the e ective-
ness of GNN-based vehicular edge clustering in dynamic vehicular networks.



Chapter 8
lterative Edge Weight Clustering

In this section, we expand upon the concepts discussed in Chapters 1 and 2 by intro-
ducing edge weights into the GNN model. This addition brings a more nuanced un-
derstanding of network dynamics, allowing for the consideration of varying strengths
in edge connections. Our focus in this chapter is on evolving edge-weighted network
clustering. We aim to enhance the GNN model's training process by incorporating
various time snapshot graphs, enabling learning in dynamic environments where net-
work structures evolve over time. Through a comparative analysis in Section 3, we
will explore the e ciency di erences between iterative graph processing and tradi-
tional graph clustering methods. Moreover, Section 3 will lay the groundwork for
implementing a temporal edge component, which will play a crucial role in predict-
ing cluster formations and further improving the model's predictive capabilities in
evolving network scenarios.

8.1 Evolving Edge Weight Clustering GNN Archi-
tecture

This section explores the iterative approach involving edge weights and calculated
distances among entities, a strategy crucial for our GNN architecture's adaptability
to temporal variations as seen in Chapter 6 and evolving patterns over time as seen
in Chapter 7, particularly in dynamic vehicular environments. Edge weights, which
represent the numerical values assigned to the edges of the graph, serve as vital in-
dicators of the relationships and properties between nodes. They enable GNNs to
discern connection strengths, which is crucial for distinguishing between strong and
weak relationships. This capability proves essential in tasks where the intensity of the

72



CHAPTER 8. ITERATIVE EDGE WEIGHT CLUSTERING 73

relationship is signi cant. GNNs leverage edge weights during message passing, prior-
itizing crucial connections through weighted aggregations. In addition, edge weights
improve the mechanisms of attention within GNNs, focusing on critical relationships
and features during learning.

In the context of this thesis, the edge weights are speci cally con gured as fol-
lows: V2V connections have a range of 150 meters, V2I connections span 250 meters,
and 12l connections cover a distance of 500 meters. These values remained constant
throughout the research, deliberately kept small to maintain close inter-cluster rela-
tionships and simulate a dynamic graph where edges appear and vanish as vehicles
move within the network. It should be noted that these ranges were chosen to re ect
the functional requirements of di erent connection types. V2V connections, with the
shortest range, prioritize communication between neighbouring vehicles, fostering im-
mediate and direct interactions. V2| connections, with a slightly larger range, enable
cluster heads to reach infrastructure nodes, facilitating broader support within the
cluster. Lastly, I12I connections have the largest range, allowing infrastructure nodes
to communicate with other towers and provide additional services crucial to cluster
operations, such as seamless handovers and network management. This tailored con-
guration not only shapes the network dynamics but also aligns with the operational
needs and hierarchy within the VN architecture. These settings for the edge weight
are feasible in urban settings with dense populations and may experience challenges
in rural settings due to the set distance maximums that are set.

In essence, edge weights enrich GNNs' comprehension of graph structures and re-
lationships, empowering more informed and accurate predictions and analyses across
diverse applications.

8.2 Experiments

The experiments involve training the GNN model with data sets from di erent time
snapshots, incorporating edge weights as calculated distances. To evaluate the e -
ciency and performance di erences between iterative graphs with edge weights and
traditional graph clustering methods. The results of these experiments will provide
insight into the e ectiveness of our iterative approach in dynamic clustering scenarios.

The settings, approaches and tests for these experiments will be identical to that
of 7 so a comparison can be made with the two models to determine any bene ts of
the edgeless and edge weight models.
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8.3 Remarks

This analysis iteratively compares the performance of three prominent GNN models:
GCN, GAT, and GraphSAGE using edge weights, similar to that discussed in the
previous chapter 6) and 7. The iterative approach adds additional complexity by
comparing the di erence between Static, Lag, and Hybrid approaches. By evaluat-
ing a variety of clustering metrics and classi cation measures, the study iteratively
uncovers insights into how each GNN model processes data compared to a K-Means
baseline.

Each GNN model presents unique processing perspectives and each iterative ap-
proach o ers unique advantages, which are iteratively re ected in graph plots illustrat-
ing cluster formations. Quantitative evaluations of cluster quality, including metrics
such as the average distance to the centroid, the silhouette score, and the Davis-
Bouldin index, iteratively demonstrate consistent trends and improvements over the
baseline throughout iterations.

For more detailed iterative analysis, the reader can refer to Section 10.3. Fur-
thermore, an iterative examination of metrics such as AUC and AP reveals steady
performance enhancements over epochs, iteratively highlighting the e cacy of GNN
models in iterative clustering and classi cation tasks. These iterative ndings suggest
iterative avenues for further re nement and optimization of GNN-based methodolo-
gies, particularly through an iterative and dynamic approach.

Incorporating edge weights into the iterative approach not only underscores the
importance of connections within the network, but also broadens the scope for explor-
ing various connection types within VNs. Edge weights provide crucial information
about the strength or importance of connections between nodes in a graph, providing
insights into the signi cance of relationships and the ow of information. This addi-
tional dimension of edge weights allows for a more nuanced understanding of network
dynamics and facilitates a more precise modelling of interactions between nodes.

Furthermore, edge weights enable the consideration of diverse connection types
beyond binary relationships. For example, in addition to indicating the presence or
absence of a connection, edge weights can represent factors such as communication
bandwidth, latency, reliability, or even semantic relevance between nodes. This exi-
bility in de ning edge weights opens up possibilities for modelling complex networks
where connections vary in strength and importance.

In addition, the inclusion of edge weights in the iterative approach enhances the
accuracy and e ectiveness of the clustering algorithms. Using edge weights, cluster-
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ing algorithms can take into account the varying importance of connections when

grouping nodes, leading to more meaningful and accurate clusters. This nuanced
clustering approach is particularly valuable in scenarios where nodes have di erent
levels of in uence or signi cance within the network.

In summary, incorporating edge weights into the iterative approach not only high-
lights the importance of connections but also expands the horizons for modelling di-
verse connection types within VNs, ultimately improving the accuracy and depth of
network analysis and clustering.



Chapter 9
Temporal Edge

In Chapters 6, 7 and 8, both a baseline and an iterative approach to establish node
connections in distinct time slices are presented. The inspiration for this section
stems from the Temporal Third-Order Graph Convolutional Network (T3GCN) [71],
which introduces a dynamic link that captures the temporal evolution of relationships
between nodes. This dynamic link enables the assessment of past, present, and future
interactions within the network, providing a mechanism for analyzing the historical
behaviour of nodes, understanding their current state, and anticipating potential
future interactions.

In this section, preliminary work is discussed, serving as an exploration of predict-
ing the future location of vehicles and improving the accuracy of dwell-time predic-
tions in dynamic environments. Although speci c results are not presented here, this
preliminary investigation provides foundational insight into temporal GNNs. Future
research directions should encompass a range of models, loss functions, GNN tuning
strategies, and diverse datasets. One potential avenue for further exploration is to
start with an initial dataset featuring two directions, such as a highway scenario, to
test simpler dataset con gurations before scaling to more complex environments.

By incorporating a temporal edge 9.1a, the model can consider the evolving na-
ture of relationships over time, providing insights into the temporal dynamics of the
network. This temporal perspective is essential for predicting future clustering pat-
terns, as it considers the historical context and current interactions to inform the
potential groupings of nodes in subsequent time frames. The temporal edge approach
enhances the model's ability to capture the temporal dependencies inherent in the
data, contributing to more accurate predictions and a comprehensive understanding
of the evolving network structure.
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(a) Temporal Edge Visual

9.1 TGCN & TGNN

Temporal Graph Convolutional Network (TGCN) and Temporal Graph Neural Net-
work (TGNN) are notable contributions to temporal graph analysis. TGCN, intro-
duced by Zhu et al. in 2020 [71], provides a multifaceted understanding of temporal
dependencies within graph-structured data by incorporating temporal graph convo-
lutions. This model e ciently captures the evolution of graph structures over time,
enhancing its e ectiveness in temporal applications. On the other hand, TGNN,
proposed by Li et al. in 2018 [83], leverages di usion mechanisms to model infor-
mation ow in temporal graphs. TGNN's approach allows for a dynamic represen-
tation of evolving temporal relationships, making it particularly adept in scenarios
where understanding the temporal evolution of graph data is crucial. TGCN and
TGNN contribute signi cantly to the eld by o ering e ective solutions for tempo-

ral graph analysis and addressing challenges associated with dynamic and evolving
graph structures. A similar concept is explored by Zhu et al. [70] when they discuss
the implementation of A3T-GCN for tra c forecasting to dynamically predict future
trends.
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Algorithm 5:  A3T-GCN Algorithm
Input: Historical tra ¢ data, Graph structure A, Initial tra c state Xg
Output: Forecasted tra c state
Initialize GCN parameters: Wy, W, W, b,, by, k;
Initialize GRU parameters: W, b;
Initialize Attention parameters: W,, b;
for each time stept do
Lut = (Wy [GC(AXy)ihe al+ ) re= (W [GC(A; X4)ihe 1]+ 1)
¢ = tanh(W, [GC(A; Xy);(re hy )]+ ) hy=u he 1+ uw) c;

a I§oftmax(Wa [he n; i he o hd + ba);
C_ t n I hta
= FuIIyCIanected(c)
I—error - 2n t= 1(Yt th)
10 Lieg = sKWKZ + ZkWok2 + TkW k2 + kW, kZ + ZKkWKZ;
11 LoSsS = Legpor + L reg

a A W N B

© 00 N O

A3T-GCN & TGNNs

The A3T-GCN [70] algorithm as stated in algorithm 5 is designed for tra c forecast-
ing, leveraging historical tra ¢ data and the underlying graph structure of the road
network. The algorithm starts by initializing the parameters for the GCN, Gated Re-
current Unit (GRU), and Attention mechanism. It then iterates through each time
step, calculating update gates;), reset gates (;), candidate states ¢), and up-
dating the hidden state {;) based on the previous state and the current input data.
After processing the time steps, the attention mechanism is applied to compute the
attention coe cients (&) and a context vector (), which captures information on
global tra c variation. Finally, using a fully connected layer, the algorithm predicts
the tra c state ( Y,).

To evaluate the performance of the algorithm, a loss function is de ned, consisting
of an error term (Lenor) that measures the di erence between the real and predicted
positions and a regularization term I ¢q) to prevent over tting. The total loss ( Loss)
is calculated as the sum of these two terms, weighted by a hyperparameter This
algorithm integrates graph convolution, recurrent processing, attention mechanisms,
and loss optimization to provide accurate tra c forecasting capabilities.

This GCN-based model, drawing inspiration from GCN, o ers a robust framework
to comprehensively understand the dynamics of VANETs. Improves understanding
of vehicular interactions and relationships and provides a foundation for e ective
vehicular clustering using the future predicted location. With the potential to capture
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the evolving nature of vehicular dynamics, the GNN-based approach is a valuable
tool to advance vehicular communication, resource management, and overall network
stability through improved clustering.

Loss Calculations

During the preliminary experimentation phase, loss calculations were explored to
achieve initial outcomes. These included several well-known metrics used across dif-
ferent domains. The Haversine loss, commonly applied in geographical computations,
measured the distances between points on the Earth's surface based on their latitudes
and longitudes. Earth Mover's distance (EMD), a metric often used in image pro-
cessing and machine learning, quanti ed the dissimilarity between distributions by
determining the minimum cost to transform one into another. SSE and MSE, a staple
in regression tasks, gauged predictive accuracy by averaging the squared di erences
between predicted and actual values. Angular loss, suitable for tasks emphasizing an-
gle similarity, found utility in areas like computer vision and robotics for orientation
estimation. Geodesic Distance computes the shortest paths on curved surfaces, such
as spheres or manifolds, which is relevant in geometric applications. Like angular
loss, radians loss focuses on angle representation di erences and is commonly applied
in trigonometry-related computations. Finally, Huber loss, which blends quadratic
and linear losses, provided robustness against outliers compared to MSE, which is
bene cial for robust regression tasks. This initial testing was intended to improve the
TGNN's initial outcomes to predict future locations. Further tuning of the GNN and

the addition of parameters on the dataset are required to improve this approach.

9.2 Temporal Clustering

This section focuses on improving the formation of vehicular edge networks through
clustering using GNN. An enhanced GNN-based clustering approach signi cantly
reduces latency, enhances network stability, and contributes to the scalability of ve-
hicular networks in future work. Further, the aim is to verify that clustering remains
consistent after analyzing and formatting the data with a GNN where relevant fea-
tures may be added exibly in our model for more precise and timely forming of
vehicular edges. This is a particularly crucial endeavour, given the dynamic nature
of vehicular networks and the need for e cient utilization of resources.

This method utilizes the K-Means clustering algorithms in our clustering anal-
ysis. The K-Means algorithm is employed to partition the model output data into
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distinct and nonoverlapping clusters. This widely used algorithm initiates the cluster-
ing process by specifying the number of clusters to be created and randomly selecting
centroids. Subsequently, it calculates the Euclidean distance between data points and
each cluster centroid, assigning each data point to the cluster with the shortest dis-
tance to its centroid. The centroids are then recalculated using the mean average for
each cluster, and this process continues until a xed number of iterations is reached or
convergence occurs. In this case, a set of predetermined number of iterations. Once
the algorithm completes these iterations, it converges, indicating that the clusters are
nalized and have reached a stable con guration.

9.3 Remarks

While including the temporal edge for location prediction is promising, its full po-
tential can only be realized through extensive tuning, rigorous testing, and thorough
comparisons with various TGNN models. These steps are crucial to comprehensively
assess the e ectiveness, e ciency and overall performance of the AST-GCN model
in the handling of edge-weighted networks. Furthermore, comparing the A3T-GCN
model with other state-of-the-art TGNN models will provide valuable insights into
its strengths, weaknesses, and potential areas for improvement. Only through such
thorough evaluations and comparisons can a deeper understanding of the capabilities
and limitations of the A3T-GCN Model be observed. Further analysis is available in
Section 10.6.4

9.4 Improvements of Preliminary Work

As mentioned above, this section serves as a preliminary exploration of TGNNs, and
further re nement is necessary to thoroughly evaluate this methodology. The primary
objective of this approach is to enhance the prediction accuracy of future vehicle
locations, subsequently improving the formation of future clusters and enabling more
e cient resource allocation based on dwell time within a cluster. The overarching
goal is to streamline decision-making processes by creating longer-lasting clusters with
higher precision, thereby reducing the frequency of network analysis and reclustering.
Initial observations suggest the feasibility of achieving these objectives with notable
improvements. The key areas for improvement include the following.

Dataset Complexity - By simplifying the dataset to a smaller example with
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one road, such as a highway, with 2 directions this would assist in the learning
of the TGNN to see if the predictions are accurate as the locations and the
directions will be relatively consistent over numerous snapshots.

Parameter Exploration - Besides the dataset size, consider exploring other
parameters such as data resolution (temporal and spatial), feature engineering,
incorporating further internal data sources (e.g., RSSI, tra ¢ patterns.), and
incorporating external data sources (e.g., weather, tra ¢ conditions) to enrich
the model's input and improve predictions.

Context Tuning - Test various snapshot lengths into the past and future to
nd the optimal temporal context for the TGNN. Additionally, experiment with
di erent sampling frequencies to capture varying levels of temporal dynamics.

GNN Parameter Tuning - In addition to snapshot tuning, further tune the
TGNN by adjusting hyperparameters like learning rate, regularization tech-
nigues (e.g., dropout, L2 regularization), exploring di erent activation func-
tions, and incorporating attention mechanisms tailored to temporal dependen-
cies.

"~ TGNN Model Architecture Variation - Explore alternative TGNN ar-
chitectures (e.g., graph convolutional networks, graph attention networks) and
compare their performance to gain insights into the most e ective model for
the vehicle navigation (VN) solution. Additionally, consider ensembling multi-
ple TGNN models for improved predictions.

These additions provide a more comprehensive approach to improving the TGNN
by addressing dataset complexity, parameter exploration, temporal context op-
timization, GNN hyperparameter tuning, and model architecture variation.



Chapter 10
Performance Analysis

A meticulous performance analysis is underway in the ongoing pursuit of compre-
hensive evaluation of the e cacy of the proposed methodologies. This analysis will
encompass a comparative assessment in the four distinct chapters6, 8, and 9. Each
chapter represents a unique approach to resource allocation and clustering within ve-
hicular networks, employing a GNN baseline, an iterative graph and matrix strategy,
and a temporal edge mechanism built on top of each approach.

Due to the unavailability of real-life data encompassing all the desired parame-
ters, a simulator generates datasets that closely replicate real-world scenarios. This
approach ensures a cost-e ective, safe, and standardized means of acquiring diverse
datasets for analysis.

The comparative study aims to discern the e ciencies and shortcomings of each
approach in relation to resource allocation and clustering. Utilizing a GNN base-
line, iterative graph and matrix techniques, and the introduction of temporal edges
for rigorously scrutinizing. The overarching goal is to elucidate the advantages and
disadvantages of each strategy in terms of adaptability, scalability, and precision in
predicting vehicle network behaviour.

This performance analysis will provide valuable information on the practical ap-
plicability of these methodologies, shedding light on their respective strengths and
areas of improvement. The ensuing ndings will be crucial to re ning and advancing
the eld of vehicular edge computing, ultimately fostering more resilient and e cient
vehicular networks.

82
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Figure 10.1: Cologne, Germany - OpenStreetMap

10.1 Simulation Setup

Cologne, Germany, is selected as the primary city for testing VNs in this study
because of its established reputation as a classic simulated testing ground for such
technologies. The choice of Cologne is strategic considering its consistent use in simu-
lations and its urban landscape, contributing to a comprehensive testing environment
that closely mimics the complexities of other urban areas. Figure 10.1 provides a
visual representation of the Cologne map, which serves as a crucial reference for the
geographical context of the test scenarios. The familiarity with Cologne's layout en-
hances the clarity of the study's ndings, allowing for a more accurate assessment
of the proposed vehicular network and Internet of Vehicles models in a real-world
context.

Thus, construct the dataset based on Cologne's map using tBemulation of Urban
Mobility (SUMO) [87], Vehicles in Network Simulation (VEINS)[88], and Objective
Modular Network Testbed in C++ (OMNET++) [89] simulators. Cologne, Ger-
many, is represented in latitude and longitude (6.166558, 50.510516) and (7.053531,
51.840721). The streets within the dataset vary by speed, length, dimension, and
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tra ¢ density. The map displayed in Figure 10.1 is the base transportation topology
run in VEINS. OMNeT++ produces the output dataset containing vehicles and in-
frastructure nodes throughVEINS and with the mobility generated by SUMO. The
dataset provides the IDs and x and y positions of vehicles, towers, and RSUs. Since
these are simulated data, they do not account for any errors in vehicle positions.
The area of interest in Figure 10.1. The GAE model is implemented and trained
using the PyTorch Geometric Framework!. Experiments are carried out on Google
Collaboration machine type a2-highgpu-2g

10.2 Dataset

We base the dataset for the 100 snapshots in Cologne, Germany. It includes 280
to 309 nodes and 1200 to 2400 edges, with 14 attributes available (e.g., X, vy, future
X, future y, type, accelerTypen). The data set classi cation table 10.1 notes these
details and Figures 10.2 and 10.3 illustrate further trends over time.

Table 10.1: Dataset Classi cation

Dataset # Nodes # Edges # Attr.  # Time
Cologne, Germany 280 to 309 1200 to 2400 14 100

Figure 10.2: Bar Comparison

The input dataset for performance analysis contains various parameters related
to a communication or networking scenario. The initial testing utilizes X and Y to
calculate the distance from each node, creating the graph and matrix.

1pyTorch Geometric https://pytorch-geometric.readthedocs.io/en/latest/
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Figure 10.3: Line Comparison
" X &Y - Represents the spatial coordinates of a geographical location at a
particular point in time.

" Future X & Y - Represents the anticipated spatial coordinates of a geograph-
ical location at a particular point in time.

Acceleration - Represents the acceleration of the nodes and will be 0 for any
static nodes, such as infrastructure.

Type - ReprTypets the type of node: Type, Tower, or RSU.

Distance - Represents the distance between nodes within the maximum dis-
tance range based on the connection type and is calculated with the Euclidean
distance.

Measured Signal-to-Infrastructure-plus-Noise Ratio Uplink (SinRUI))
- Represents the measure of the quality of a wireless signal, indicating the
strength of the desired signal relative to interference and noise.

Measured Signal-to-Infrastructure-plus-Noise Ratio Downlink (SinRDI)
- Represents the measured strength and quality of the downlink from the base
tower or RSU.

" Closest RSU - Indicates the closest RSU to the node.
"~ Next RSU Indicates the next closest RSU to the node.
Closest Tower - Indicates the closest tower to the node.

Next Tower - Indicates the next closest tower to the node.
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10.3 Analyzed approaches

The approaches analyzed in this section are the Chapter 6 Baseline, Chapter 7 Iter-
ative Graph Clustering, Chapter 8 Iterative Edge Weight Clustering, and Chapter 9
Temporal Edge.

Baseline

In Chapter 6, the baseline approach compares a GNN and a non-GNN clustering
method. The Non-GNN approach operates by considering a single data snapshot
and de ning clusters based on these data. In contrast, the GNN method involves
processing the dataset using a GNN to extract meaningful features and relationships
and then clustering the output produced by the GNN based on these learned relation-
ships. This comparison provides valuable information on the e cacy and advantages
of using GNN in clustering tasks, highlighting the ability to capture complex patterns
and relationships within the data for improved clustering outcomes.

Iterative Graph Clustering

In Chapter 7, the Iterative Graph Clustering approach builds upon the baseline ap-
proach discussed in Chapter 6 by incorporating multiple snapshots for evaluation.
This approach encompasses three sub-approaches for graph evaluation: Static, Lag,
and Hybrid. The static approach involves training the Graph Neural Network (GNN)
before implementation. In contrast, the Lag approach reformulates GNN based on
the latest data snapshot before implementation. The hybrid approach combines both
strategies by initially training the GNN and then updating it after each Lag approach

to maintain model relevance. Additionally, in this approach, the Edge weight com-
ponent is removed to simplify the dataset and assess the e ectiveness of the iterative
approach.

Iterative Edge Weight Clustering

In Chapter 8, the lterative Edge Weight Clustering approach extends the baseline
approach discussed in Chapter 7 by incorporating multiple snapshots for evaluation.
This approach includes three subapproaches for graph evaluation: Static, Lag, and
Hybrid. The static approach entails training the GNN before implementation, while
the lag approach rearranges the GNN based on the latest data snapshot before im-
plementation. The hybrid approach combines both strategies by initially training the
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GNN and then updating it after each Lag approach to maintain model relevance. This
approach reintroduces the edge weight component to facilitate the understanding of
the relationship, enhancing the iterative clustering process.

Temporal Edge

In Chapter 9, Temporal GNN is introduced as a sophisticated methodology to predict
future locations in dynamic environments. This approach analyzes temporal data to
extract meaningful patterns and relationships over time, enabling accurate predictions
about future locations based on historical observations.

The analysis is segmented as follows: a discussion of the performance metrics
used 10.5. An overall auto-encoder performance of AUC and AP 10.6.1, followed by
a thorough analysis of the baseline 10.6.2, which captures the initial performance of
the model and the optimal cluster size for this dataset. Then a comparison on iterative
approaches 10.6.3, and ended with preliminary temporal edge analysis 10.6.4

10.4 Parameter Settings

A review of the parameters of 6 and 7 is as follows:

The parameters used in this thesis remain relatively consistent in all approaches.
As discussed in Table 10.2, four GNNs: GCN, GAT, SAGE and A3T-GCN for the
temporal approach. The channel layers had some testing to nd a reasonable tuning
for the GCN, GAT, and SAGE approaches in Chapters 6, 7, and 8. As a result,
the adjustment settings for the input, hidden, and output channels are 3, 5, and
2. Furthermore, the number of clusters set after analyzing the baseline approach
in Chapter 6 resulted in an elbow in numerous analyzes at 10, so 10 clusters are
chosen for further testing. The default learning rate was set to 0.001, which provided
satisfactory results, with AUC and AP generally exceeding the standard benchmarks
of 0.6 and 0.5. Additionally, we con gure the GNN to run for 5000 epochs, with
the potential for early stopping if an AUC or AP benchmarks. Finally, we con gure
the clustering algorithm to run 1000 iterations or epochs to cluster the results and
compare the GNN and non-GNN approaches.

A further breakdown of the parameters is provided in Table 10.2 to show the
testing conducted on the various approaches. The Baseline and lterative approaches
(Static, Lag, and Hybrid) test the GNNs: GCN, GAT, and GraphSAGE. We used
the same dataset and snapshots throughout all the experiments; the one deviation is
when the baseline approach uses one snapshot while the remaining uses 100 snapshots,
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including the rst used in the baseline approach. The iterative approaches with an
approach of static, lag, and static have an additional parameter for training, which
de nes the amount of training that the GNN receivesSnapshotT rain before being
implemented in the scenario. This parameter typically ranges from 1 to 50 snapshots
and is trained prior to use. Another parameter used is the Number of Lags, which
de nes how often snapshots pass before the GNN Model updates with a new set of
training information; after this Lag approach, the model is trained with the current
snapshot and reimplemented. It is important to note that these parameters remain
consistent and that the number of nodes and edges within a graph remains dynamic
due to the high rate of mobility of vehicles in the network. As vehicles move within
the network, they will get closer and further away from their neighbours, resulting
in edge changes. As time passes, nodes will appear and disappear as they enter and
exit the range or trips.

Table 10.2: Approach Parameter Similarities.

approach Parameter Value
GNN Type fGCN; GAT; SAGE ¢
Input Channel f2to 129
Hidden Channel f4 to 300y
Default Output Channel f2to 129
Num. Clusters 10
Learning Rate 0.001

Num. GNN Epochs 5000
Num. Cluster Epoch 1000

0. Baseline Snapshots 1

1. Static approach Snapshot Train f 1% to 50%g
Snapshots 100

2. Lag approach Num. Lag f1% to 25%g
Snapshots 100
Snapshot Train f5to 10%g

3. Static approach Num. Lag 5
Snapshots 100

Table 10.2 provides an initial overview of key parameters for the four approaches
and three GNN training approaches in the iterative approach: "Static approach,”
"Lag approach" and "Static approach." Parameters include GNN type (GCN, GAT,
SAGE), channel con gurations, cluster count, snapshot range of the static approach,
learning rate, epochs, and cluster initialization for each approach. Optimizing these
parameters is crucial for GNN performance in various applications, ensuring adapt-
ability to speci ¢ scenarios.

We compare with a baseline clustering algorithm that employs K-Means on the
original input VANET graphs (without any transformation). The parameters for this
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study are as follows: we set the number of clusters for the K-Means algorithm to 50
and the number of iterations to 1000. We train the Graph Auto-Encoder (GAE) for
4000 epochs. We set the dimensionality of each node featurecat 3, characterizing
each vehicle by its position (latitude and longitude) and node type.

In this work, di erent maximum distance criteria settings are used to connect
nodes: two cars connect based on their distance not exceeding 150 m, a car and
an RSU are connected if their distance does not exceed 250 m, a car and a tower
are connected if their distance does not exceed 500 m, and an RSU and a tower are
connected if their distance does not exceed 500 m. The density of 300 vehicles on
approximately 2140 kn? for Cologne, Germany, is approximately 14 cars per kKm
with 300 vehicles and 11 infrastructure nodes (RSU and towers).

The edges are randomly sampled on each graph to form the training, validation,
and testing sets. The edge ratio between the training set and the validation and
testing sets is @05 and 015, respectively. Adaptive Moment Estimation Optimization
Algorithm (ADAM) [85] with a learning rate of 0:001 is selected as the optimization
strategy. We chose these values because they o er the best results for this dataset.

10.5 Performance Metrics

The analysis of clustering approaches involves a comprehensive examination of sev-
eral key metrics that play a crucial role in evaluating the quality and e ectiveness of
clustering algorithms. Among these metrics are Area Under the Curve (AUC), Aver-
age Precision (AP), Sum of Squared Error (SSE), Mean Squared Error Mean Square
Error (MSE), Davies-Bouldin index, Calinski-Harabasz index, Inter-Cluster Distance,
Intra-Cluster Distance, and Silhouette Score. Each metric o ers unique insights into
di erent aspects of clustering performance, such as cluster separation, compactness,
and overall clustering quality. Through a detailed analysis of these metrics, gaining a
deeper understanding of the strengths and limitations of various clustering approaches
aids in selecting the most suitable algorithm for speci ¢ data analysis tasks. Please
note that this work does not have cross-examination with other ML Approaches
as this is formulating the baseline and comparing directly against KMeans without
GNN data and with GNN data to see how the GNN approach compares to the classic
KMeans.

Table 10.3 highlights the metrics analyzed in this chapter. Speci cally, this table
analyzes the metrics: Calinski-Harabasz index, Davies-Bouldin score, distance to
centroid, distance between / intragroup, MSE, silhouette score, and sum square error
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Calinski-Harabasz X | X |X X
Davies Bouldin X | X [ X X
Distance to Centroid X X
Inter/Intra X | X X X K
MSE X X
Silhouette X X X
Sum of Square Error (SSE)| X X

Table 10.3: Comparison of Clustering Metric Characteristics

(SSE). Speci cally, the Calinski-Harabasz index and the silhouette score are bold, as
they are the two metrics considered good to have a higher score. In contrast, the non-
bold lower scores are better. The features of this table include compactness, intra-
versus-inter ratio, dispersion ratio, separation, cohesion, and homogeneity. These
features are de ned as follows:

" Compactness Considers how closely related or tightly packed data points
within a cluster are.

Intra vs Inter Distance Is the distance between data points within the same
cluster and between centroids of clusters. It is a ratio or comparison of a high
intra-cluster and low inter-cluster distance desirable for well-separated clusters.

" Dispersion Ratio Measures the variance or spread of data points within a
cluster compared to the overall spread of points in the dataset. Often considered
an alternative measure for the internal dispersion of clusters.

" Separation Measures the degree of distinction or well-separated clusters from
one another.

" Cohesion Is the degree of closeness or similarity amongst data points.

" Homogeneity Considers the similarity of data points within a cluster to one
another.
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Area Under Curve AUC) The use of AUC for evaluating a GNN autoencoder is
bene cial because it measures reconstruction quality, e ectively handles class imbal-
ances, and o ers easy interpretability and comparability. Firstly, AUC evaluates the
model's ability to distinguish between actual edges and nonedges, ensuring that the
embeddings capture the graph's relationships. Secondly, it is insensitive to the often
imbalanced nature of graph data, giving a fair assessment of performance across vary-
ing thresholds. Lastly, AUC is straightforward to interpret, with scores ranging from
0.5 (random guessing) to 1 (perfect prediction), facilitating clear comparisons between
di erent models or con gurations. The threshold of 0.8 for AUC is considered "Good
Enough” for an accurate model.

Average Precision (AP) The use of AP to evaluate GNN autoencoders is advanta-
geous due to the focus on precision recall trade-o s, ranking quality, and performance
summary. By handling the imbalances of data within the graph structure, the model
can summarize while maintaining a high summary of precision recall. Secondly, the
ability to evaluate the quality of predicted edge rankings rewards models that cor-
rectly rank the actual edges higher compared to nonedges. Lastly, AP provides a
single scalar value that o ers a clear and comprehensive assessment of embedding
e ectiveness. Ap usually falls within the range of 0 and 1 and is perceived to have a
"Good Enough" value between 0.5 and 1.

Sum of Squared Error (SSE) & Mean of Square Error (MSE) In the con-
text of clustering, Sum of Squared Errors (SSE) is used as an internal evaluation
metric to assess the quality of clustering algorithms. Measure total variation within
the cluster by adding the squared distances between each data point and its cluster
center. A good SSE result in clustering typically indicates a lower value, meaning
that data points within each cluster are compact around their respective centroids,
well-de ned, and distinct clusters with minimal overlap or dispersion of points. In
contrast, a high SSE result indicates that data points within clusters are more spread
out or dispersed. Higher SSE values suggest less compact clusters with more overlap
or ambiguity in the cluster boundaries. The SSE metric in clustering demonstrates
the e ectiveness of the clustering algorithm in creating compact and well-separated
clusters. Lower SSE values signify better clustering quality, indicating that the al-
gorithm has successfully grouped similar data points while keeping dissimilar points
in separate clusters. Higher SSE values may indicate suboptimal clustering results,
highlighting the need to re ne the clustering algorithm or adjust parameters to im-
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prove cluster quality. When comparing the SSE across multiple cluster sizes, an elbow
will form, highlighting the optimal cluster size, and any larger or smaller will have
minimal improvement.

In the context of clustering, MSE is a metric that quanti es the average squared
distance between each data point and its corresponding cluster centroid. It is com-
monly used as an internal evaluation measure to assess the quality of clusters pro-
duced by clustering algorithms. A good MSE result in clustering is typically a lower
value, indicating that the data points within each cluster are closer to their respec-
tive centroids. The clusters are compact and well-de ned, with minimal dispersion of
points within clusters. Lower MSE values signify higher clustering quality and tighter
grouping of similar data points. In contrast, a bad MSE result is a higher value, in-
dicating that data points within clusters are more spread out or dispersed from their
centroids. Higher MSE values suggest that the clusters are less compact, with more
variability or overlap in the data points within clusters. Indicate suboptimal cluster-
ing results or the presence of outliers in uencing cluster formation. The MSE metric
in clustering proves the e ectiveness of the clustering algorithm in creating compact
and well-separated clusters. Lower MSE values demonstrate better clustering qual-
ity, indicating that the algorithm has successfully grouped similar data points while
maintaining distinct clusters. However, higher MSE values can indicate the need to
re ne the clustering algorithm, adjust parameters, or address outlier data points to
improve cluster quality and separation. Like SSE, this approach will form an elbow
when evaluating cluster size on the x-axis and pinpointing the optimal size.

Intra-Cluster Distance The intra-cluster distance is a clustering evaluation met-
ric that measures the average distance between data points within the same cluster.
It provides insight into the compactness or cohesion of clusters, with lower values
indicating a tighter grouping of data points within clusters. A good intra-group dis-
tance value is typically low, suggesting that data points within the same cluster are in
proximity. Indicating that clusters are internally cohesive, with data points sharing
similar characteristics and forming compact groups. Conversely, a high bad Intra-
Cluster Distance value indicates that data points within clusters are more spread out
or dispersed. Higher values suggest that clusters are less compact, with greater vari-
ability or dispersion between data points within the same cluster. The intra-cluster
distance focuses on the quality of the clustering by assessing the similarity among
the cluster data points. Lower Intra-Cluster Distance values signify better cluster-
ing quality, with tighter and more homogeneous clusters. Higher values may suggest
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the presence of outliers, noise, or suboptimal clustering results, highlighting the need
for re nement in clustering algorithms or data preprocessing techniques to improve
cluster cohesion and compactness.

Silhouette Score  The Silhouette Score is a clustering evaluation metric that mea-
sures clusters' quality by assessing their cohesion and separation. Provides a single
numerical value that indicates how well each data point ts into its assigned cluster,
with higher values indicating better clustering performance. A good Silhouette Score
value is typically closer to 1, indicating well-separated clusters with high intra-cluster
cohesion and low inter-cluster distance. Data points within the same cluster are com-
pact, while signi cant distances between clusters result in clear cluster boundaries.
Conversely, a low Silhouette Score value is closer to -1 or even 0, indicating poor clus-
ter quality. Lower values suggest that clusters are less well separated, with data points
overlapping or scattered within clusters, leading to less distinct cluster boundaries.
The Silhouette Score evaluates the overall quality of clustering by considering intra-
cluster cohesion and inter-cluster separation. Higher Silhouette Score values signify
better cluster quality, with clear and well-de ned clusters that capture meaningful
patterns in the data. Lower values may indicate the need for clustering algorithms or
data preprocessing optimization to improve cluster separation and cohesion, leading
to more accurate and reliable clustering results.

Davies-Bouldin Index The Davies-Bouldin Index is a clustering evaluation metric
that is used to assess the quality of clustering algorithms. Measures the compactness
of the clusters and the separation between the clusters based on pairwise distances
between the centroids of the cluster and the average diameter of the cluster. A good
Davies-Bouldin index value is typically low, indicating well-separated and compact
clusters. A low value suggests that clusters are distinct from each other and that
the intra-cluster variation is small compared to the inter-cluster variation. In other
words, data points within the same cluster are similar, while data points from dif-
ferent clusters are dissimilar. Conversely, a low Davies-Bouldin index value is high,
indicating poor cluster quality. A high value suggests that clusters are not well sep-
arated, and there is signi cant overlap or ambiguity between clusters. Clusters may
not be compact, leading to high variability within and low variability between clus-
ters. The Davies-Bouldin Index looks for clusters that are both internally cohesive
(compact) and well-separated from each other. Evaluate cluster performance by con-
sidering the dispersion of data points within the clusters and the distance between the
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clusters. Lower Davies-Bouldin Index values indicate better clustering quality, with
well-de ned and separated clusters, while higher values suggest suboptimal clustering
results with fewer distinct clusters and greater overlap.

Table 10.4: Training approaches.

approach Test Param Value Total Iterations
Staticl Num. Static 1 1
Static2 Num. Static 5 5

Static approach Static3 Num. Static 10 10
Static4 Num. Static 20 20
Lagl Num. Lags 1 100
Lag2 Num. Lags 5 20

Lag approach Lag3 Num. Lags 10 10
Lag4 Num. Lags 20 5
Hyl Num. Static 10 30

Num. Lags 5
Hybrid approach Hy2 Num. Static 5 25

Num. Lags 5

Iterative Training Iterations Table 10.4 outlines the approach tests grouped
into three categories: Static, Lag, and Hybrid. These tests are designed to test the
incremental approaches for implementing the GNN and are not hyperparameters.
Each column denotes the type of approach and test name as a reference, along with
the parameters utilized, such as the static approach quantity, the number of ags,
and their respective values. It also indicates the frequency of GNN training in 100
snapshots for each test con guration. It o ers further insight into e ciencies with
iterative GNNs to determine the best implementation with the lowest requirement
for retrre-training Table 10.4, it is evident that the GNNs with the lowest training
iterations are Staticl , Static2 , Lag4, and Lag5, all requiring less than 5% training

in 100 snapshots. In contrast, the highest wakagl due to the retraining of each
new snapshot. It is important to note that this can rapidly increase in the hybrid
approach to be over 100 iterations, for example, statically training it for ten snapshots
and reinforcing a Lag approach of 1 would result in 110 training iterations, which is
far worse.
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10.6 Results

10.6.1 Area Under the Curve (AUC) & Average Precision
(AP)

The AUC and AP are calculated in the GAE test function. This function leverages
the encoder (such as GCN, GAT, SAGE, etc.), which maps the input graph into a
lower-dimensional space and then decodes it, reconstructing the input graph from the
embeddings. The goal is to optimize the model by minimizing the reconstruction loss,
which is the di erence between the original graph and the reconstructed adjacency
matrix.

During testing, the GAE utilizes the test function from the PyG library to evaluate
the model's performance in link prediction, speci cally determining the links between
vehicles. The test function assesses whether the encoded space can be used e ectively
for link prediction. Since vehicle connectivity is a classi cation problem, the test
function evaluates the accuracy of the predicted links using AUC (ROC-AUC) and
AP.

AUC indicates how well the model can distinguish between positive and negative
edges within the vehicular network. AP, on the other hand, measures the model's
ability to correctly identify true positive (TP) edges while avoiding false positive (FP)
edges.

Baseline Iterative

The experimental results for di erent models displayed in Table 10.5, including Base-
line, Static, Lag, and Hybrid, reveal varying performance metrics such as Area Un-
der the Curve (AUC) and Average Precision (AP). The baseline model exhibits a
solid AUC of 0.84 and an AP of 0.81. In contrast, the static model slightly reduces
performance with an AUC of 0.80 and an AP of 0.80. In particular, the Lag ap-
proach approach yields substantial improvements, achieving an AUC and AP of 0.89
each, showcasing its e ectiveness in enhancing model performance. The hybrid model
strikes a balance, showing respectable performance with an AUC of 0.86 and an AP
of 0.84. These results collectively indicate that the Lag approach strategy is the most
promising in optimizing model outcomes based on the provided metrics.
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Table 10.5: Comparison of AUC and AP

Method Phase GCN GAT SAGE
AUC AP AUC AP AUC AP
Baseline approach 1 0.74 0.71 0.78 0.73 0.72 0.71
Static approach 2 0.80 0.80 0.79 0.79 081 0.81
Lag approach 2 0.79 0.79 081 0.81 0.80 0.80
Hybrid approach 2 0.86 0.84 0.79 0.79 0.65 0.72
3
3

Static 0.85 0.81 0.87 0.87 0.81 0.80
Lag approach 081 081 081 0.81 0.80 0.81
Hybrid 3 0.85 0.80 0.80 0.80 0.80 0.85

Expanded Iterative

Table 10.5 summarizes the performance of di erent model approaches|Baseline,
Static, Lag, and Hybrid|across the Iterative Approaches with an edge weight and
without an edge weight, across various graph convolution algorithms, namely GCN,
GAT, and GraphSAGE. In terms of node features, the Baseline model achieves a bal-
anced performance, with GCN yielding an AUC of 0.84 and AP of 0.81, GAT showing
an AUC of 0.88 and AP of 0.83, and SAGE resulting in an AUC of 0.82 and AP of
0.81. The Static model demonstrates improvements in AUC using GAT (0.87) but
maintains similar AP values across algorithms. Surprisingly, while showing a decrease
in performance with GCN, the Lag approach model maintains stable AUC and AP
scores across GAT and shows the best performance with SAGE, achieving an AUC
and AP of 0.81 each. The Hybrid model showcases varying performance enhance-
ments, particularly with increased AP using GAT and SAGE algorithms. These
results underscore the importance of algorithm selection and training strategies in
optimizing model performance in graph-based tasks.

Remarks

The experimental evaluation across di erent iterations, including Baseline, Baseline
Iterative, and Expanded Iterative, highlights the e ectiveness of various models and
training strategies in improving node classi cation performance using graph convolu-
tion algorithms (GCN, GAT, and GraphSAGE). The Baseline approach demonstrates
respectable AUC and AP values across the algorithms, while the Static model exhibits
enhancements primarily with GAT. Notably, the Lag approach strategy consistently
outperforms other methods, showcasing substantial improvements in AUC and AP
metrics, particularly evident in the Expanded lIterative iteration. The Hybrid model
also shows promising enhancements, especially in AP, when utilizing GAT and SAGE
algorithms. These ndings underscore the signi cance of strategic algorithm selection
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and training methodologies in optimizing model outcomes in graph-based classi ca-
tion tasks.

10.6.2 Baseline Analysis

The baseline analysis compares the classic KMeans (non-GNN) approach with the
GNN KMeans approach. Additionally, this comparison takes place on 50 clusters,

ranging from 1 to 50 for our dataset. The objective with the 50 cluster range is to

identify the optimal cluster size for this scenario so that the following approaches.

Average Distance to Centroid

The Average Distance to a cluster's centroid measures similarity amongst data points
from the centroids of the clusters to which they belong. In clustering, the goal is to
keep nodes close together in clusters, where a centroid represents each cluster. The
centroid of a cluster is usually the average of all the data points within that cluster.
Figure 10.4 compares the average distance to the centroid for each cluster ske,
against the baseline approach using K-Means. As shown in Figure 10.4a, the GAT
approach displays identical averages for the rst 9 clusters and a 58% decrease in
the averages over nine clusters. As illustrated in Figure 10.4b, the GCN approach
shows identical averages for the rst 10 clusters and sees a®®6 decrease in the
average distance over 10 clusters. Figure 10.4c highlights that GraphSAGE has iden-
tical averages for the rst 8 clusters and emphasizes a 42% decrease in the average
distance over 8 clusters. The three GNN approaches share similarities with the K-
Means baseline for the rst 10 clustersK) and diverge by 47 to 6250% decrease
in the distance, signalling that considering the graph (local and global connectivity)
information among the cars and infrastructure impacts clustering and resource allo-
cation. In the next sections, we further investigate the impact on the quality of the
clusters created.

Davis-Bouldin Index

The Davis-Bouldin Index assessed the quality of clusters by providing a comprehensive
evaluation of the separation between clusters while also considering internal cohesion.
By considering the distances between cluster centroids and the average distances
within clusters, the Davis-Bouldin score o ers insights into how distinct and related
the clusters are to one another, aiding in deciding an optimal number of clusters.
The closer the score is to 0, the more distinct and well-separated the clusters are,
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(c) GraphSAGE
Figure 10.4: Average distance to centroid: GAT, GCN, and GraphSAGE.

implying an accuracy within the clustering solution. The comparison for the three
GNNs is in Figure 10.6, which shows all values approaching 0 through the increased
number of clusters. The GAT approach in Figure 10.6b shows a similar trend to the
baseline approach where the rst 8K, clusters are identical, and a slight divergence
occurs where a 424% decrease is in the comparison to the baseline approach trend.
Similarly, the GCN Approach in Figure 10.6d shows a 426% decrease after a cluster
size of 8 compared to the baseline approach. Finally, the GraphSAGE Approach 10.6f
has identical index scores for the rst 7 cluster sizes and diverges to show aZ88%6
decrease from the baseline approach. The three GNN approaches show similarities
within the rst 8 cluster sizes and diverge to a 48B6% to 5349% decrease over the
remaining 42 clusters.

Mean Squared Error and Sum of Squared Error

The Sum of Squared Errors (SSE) analysis is a common approach to assess the quality
of the clustering results by measuring the sum of the squared distances between each
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data point within a cluster. The analysis shown in Figure 10.5 analyzes how close a
cluster is to its respective centroid, meaning a smaller SSE indicates a more compact
and well-de ned data clustering. A good value with SSE is determined using the
elbow method, where the data is plotted in an elbow-like format to show where the
clustering sees signi cant and slight improvement on the graph. An elbow will form
during the transition from signi cant to slight improvement, signalling the beginning

of the SSE levelling o . All three GNN approaches highlight the same elbow graph as
the baseline K-Means approach, with an elbow forming at approximately 10 Clusters
(K) and a 0% change between the baseline and GNN approaches. We observe a
similar pattern when calculating mean squared error (MSE) scores for all three GNN
approaches.

(a) GAT SSE (b) GAT MSE
Figure 10.5: MSE & SSE analysis: GAT, GCN, and GraphSAGE.

Silhouette Score

The silhouette score assesses cluster quality in clustering analyses by measuring how
closely data points within clusters cohesion compared to their separation from data
points in other clusters. This score spans from 1, indicating a weak match, through

0, suggesting proximity to the boundary between neighbouring clusters, to 1, re ecting
a strong match. Figure 10.6 compares all three GNN implementations and their
comparison to the baseline K-Means approach. The GAT approach in Figure 10.6a
and GCN approach in Figure 10.6¢c shows a silhouette score betweeB90to 046

for all clusters with similarities between the two approaches for the rst 8 clusters
before the two diverge and follow a similar upward trend. Similarly, the GraphSAGE
approach in Figure 10.6e diverges after the rst 9 clusters and shows an increase
6341% after the 9 clusters. The three GNN approaches are all within the same range
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as the baseline approach and show similar trends with slight improvements that show
consistency with the baseline approach.

(a) GAT (b) GAT
(c) GCN (d) GCN
(e) GraphSAGE (f) GraphSAGE

Figure 10.6: Silhouette score & score analysis: GCN, GAT, GraphSAGE.
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10.6.3 lterative Approach Analysis

The iterative approach analysis compares the Classic KMeans Baseline with two it-
erative approaches discussed in Chapter 7 and Chapter 7. The goal is to determine
the advantages of including or excluding edges in the analysis and to evaluate which
speci c iterative approach (Static, Lag, or Hybrid) o ers greater potential and com-
putational savings. Testing without edge weights aims to reduce computational com-
plexity and to see if the results are comparable to those obtained with edge weights.

Within each of the metrics for the following comparisons, there are three cate-
gories: Overall, Test Average, and GNN Average.

N

Overall: This category compares all the tests for all GNNs, encompassing
approximately 12 runs per graph. It provides a comprehensive view of all runs.

" GNN Average: This category calculates the average output for each GNN
across the 4 test runs. It shows how each GNN performs on average.

Test Average: This category calculates the average performance for each test
across the three GNNs. It identi es which test run performs the best on average.

These three categories aim to provide an overview of each run's performance, de-
termine which GNN performs well on average, and identify the best test run average.

Calinski-Harabasz Index

Overall We can compare the Static, Lag, and Hybrid approaches for the 7 and 8
methods by examining the Calinski-Harabasz Index graphs as shown in E. Starting
with the 7 approach, all three approaches are less than the baseline Calinski-Harabasz
Index, signifying poor clustering quality. This is represented in Figures E.1, E.3,
and E.5. Alternatively, we can compare the 8 Static, Lag, and Hybrid approaches to
one another, showing improvement in the majority of tests and highlighting several
peak performances, as shown in Figures E.2, E.4, and E.6. For the 8 Static approach,
the three test runs closely receive the highest score, improving the baseline by nearly
75%: GAT 2, GAT 3, and GAT 4. We observe similar trends for the Lag approach,
with an 80% improvement from the baseline across four test runs: GAT 1, GAT 2,
GAT 3, and GAT 4. Finally, when comparing the Hybrid approach, we see similar
trends with GAT, showing a 66% increase for two of the highest scores: GAT Hy1 and
GAT Hy2. This comparison of the Calinski Model demonstrates that GAT performs
the best, closely followed by SAGE and GCN. In this comparison, the Lag approach
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for GAT vyields the best results for the 8 approach, highlighting the need for edge
weights and consistent updates within the model.

GNN Average  As noted in the overall summary of the results, the 7 did not o er
favourable improvements compared to the non-GNN KMeans approach. A further
breakdown is for 7 for the static, lag, and hybrid approaches. For the static approach,
GAT performed the highest out of all three GNNs, and SAGE performed the worst. As
shown in Figure E.7, the variance between the baseline and the GNN approaches is an
88.75 to 66.58% disadvantage to the baseline. Observing similar trends in Figure E.9
for the Lag approach. Similar disadvantageous trends show a similar trend for all 4
Lag approach tests ranging from 49.79 to 83% disadvantage to the baseline. Finally,
for the 7 Hybrid approach as shown in Figure E.11, similar trends are observed for
the two tests and had a 75 to 83% disadvantage to the baseline.

Alternatively, 8 oers a much-improved insight from the baseline. As shown
in E.8, the GAT strives for the top position, closely followed by SAGE and GCN,

o0 ering a 300 to 150% improvement from the baseline. Identical trends are observed
with the Lag approach as shown in Figure E.10 where the GAT leads with the GCN
and SAGE falling closer to the baseline. The Lag approach shows a 400 to 130%
improvement from the baseline. Finally, in comparing the Hybrid approach, some
interesting trends emerge as shown in gure E.12 where the GAT continues to lead
with a 360% improvement from the baseline, yet the SAGE falls short of the baseline
with a 12.5% disadvantage to the baseline.

The GNN averages for the static, lag, and hybrid approaches for the two model
approaches ( 7 and 8) an observation that having edge weights within the model
produces signi cantly more favourable results for the GAT, GCN, and SAGE. Specif-
ically, the Hybrid approach o ers the biggest improvement with a 360% improvement
from the baseline compared to the disadvantages of the non-edge weights. Thus, it is
evident that the edge weight supplies essential information, justifying the additional
computational cost for achieving high-quality clustering of dense and well-separated
clusters.

Test Average  In comparing the Test averages for static, lag, and hybrid for the 7
and 8. For the 7, all three approaches show disadvantages to the non-GNN baseline
comparison. The Static approach, as shown in Figure E.13 shows Static 1, Static 2,
and Static 3 closely tied for at approximately 80% disadvantage while Static 4 has
a 99% disadvantage. A slightly improved yet similar trend in the Lag approach as
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shown in Figure E.15 shows that all four lags are compact, o ering approximately a
63% disadvantage. Finally, the Hybrid approach shows identical trends to Static and
lag, as shown in Figure E.17 Hyl and Hy2 averages are closely grouped with a 75%
disadvantage to the baseline.

Alternatively, a di erent story plays out in 8 where all test approaches improve
upon the baseline, similar to those trends in GNN Average where the 8 greatly
improves upon 7. For the Static approach shown in E.14, Static 3 and 4 are closely
grouped, with Static 1 appearing close to the baseline. The static approach o ers a
300% to 130% range of improvement across all four static test averages. Similarly,
the Lag approach, as shown in gure E.16 highlights Lag 1, Lag3, and Lag4 as closely
grouped for the highest scoring and Lag2 closely following o ering an improvement
range of 300 to 175% improvement from the baseline approach. Finally, the hybrid
approach as shown in E.18 signals a more consistent improvement with both Hy1 and
Hy2 showing nearly identical trends around a 200% improvement from the baseline.

Overall, the 8 performed the best across all three Calinski-Harabasz Index com-
parisons, highlighting the need for edge weights and the advantage of edge weights.
Additionally, the observations show that GAT performed well in the Calinski-Harabasz
Index comparisons and the Lag approaches. Not to overlook the Hybrid approach
there are many advantages to the Hybrid approach as it o ers a fairly consistent im-
provement from the baseline with minimal deviation across time (relatively at line),
showing stability with the hybrid approach that the static and lag were unable to
mimic.

Davies Bouldin Score

Overall The Davies Bouldin Score for the compactness and separation of clusters
for 7 and 8. The 7 approach o ers worse static, lag, and hybrid results, showing
a 10 to 400% disadvantage to the baseline and sporadic peaks, causing concern for
inconsistent clusters and lack of stability for compactness and separation. This is
shown in Figures E.19, E.21, and E.23.

Alternatively, 8 shows greater variance with some improvement across the static,
lag, and hybrid approaches. The peaks that appear are far more signi cant in the
8 approach as shown in Figures E.20, E.22, and E.24. Notably, the GAT Hyl and
GAT Hy?2 slightly improve the baseline.

Please nd further evaluation on the test averages and gnn averages below.
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GNN Average  Trends emerge in 7 across static, lag, and hybrid as shown in
Figures E.25, E.27, and E.29. In the static approach, there is a 3 to 2% disadvantage
to the Davies-Bouldin Score, where the GAT is closer to the baseline. We observe
similar trends in the Lag approach, where all three GNNs are compact, presenting a
20 to 40% disadvantage compared to the baseline. Finally, in the Hybrid approach,
all three GNN averages are also closely grouped, showing a 2 to 4% disadvantage
compared to the baseline, with GAT and SAGE being closer to the baseline.

Compared with the 8, Minor improvements are observed. Such as, in the static
approach, no improvement is made in comparison to the baseline approach and shows
a 1 to 15% disadvantage to the baseline, with the GAT average o ering the closest
(test disadvantageous) values from the baseline., as observed in Figure E.28. Com-
paratively, in the lag approach, GAT is closely related to the baseline, o ering a
1% improvement, while GCN and SAGE show up to a 20% disadvantage due to the
rapid spike trends, As shown in Figure E.28. A slight improvement appears with
the hybrid approach, where the GAT remains to have minimal improvement on the
baseline approach, while the GCN and SAGE achieve a maximum disadvantage from
the baseline of 50% with fewer spikes, As shown in Figure E.30.

Through this comparison, the GAT continues to o er improvements and advan-
tages to the baseline when comparing this baseline. It should also be noted that 8
has advantages, especially with GAT. It is important to note that the 8 scores are
more sporadic compared to those of 7.

Test Average As noted in the GNN Averages, all tests are negatively grouped
compared to the baseline for 7 for the static, lag, and hybrid approaches. Showing
a trend of 2 to 3% disadvantage. These trends may be observed in E.31, E.33, and
E.35.

When comparing the 8, when taking the average of each of these approaches
as shown in Figures E.32, E.34, and E.36. All approaches show at least a 1%
disadvantage to the baseline. It is noteworthy that the hybrid approaches are similar
in trend and show similar consistency with the trends of the baseline across time,
unlike the lag and static, in which severe peaks are observed sporadically throughout
the test.

When comparing the Davies-Bouldin Score, GAT and Hybrid approaches for 8
proceed to o er advantages. It is important to note with this metric that the results
for both the 7 and 8 o er some weaknesses and disadvantages as they show sporadic
peaks that can reach as much as 70%
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Inter-Cluster Distance

Overall In comparing the baseline using the inter-cluster distance, the metric ob-
serves the distance between the nodes and the centroid of a cluster. In the 7, A
division of improvements and disadvantages occurs across the static, lag, and hybrid
approaches. For the static approach, observing that GCN 1, GCN 2, GAT 2, SAGE
1, and SAGE 2 all o er improvements compared to the baseline in Figure E.37. Sim-
ilarly, with the lag approach, the only test that consistently improves the baseline
except GAT 1 as represented in Figure E.39. Finally, the hybrid approach shows
GAT Hyl and GAT Hy2 improve upon the baseline in Figure E.41.

Following 7, the overall comparison of 8 shows the static approach. The only
test that was an improvement was GCN 4, leaving all of the GAT and SAGE tests
to improve upon the baseline, as shown in Figure E.38. Following Static, Lag shows
100% of the tests follow the baseline trends and leave room for improvement as shown
in Figure E.40 the GAT 1 test performs the best overall. Finally, comparing Figure
E.42, SAGE has the greatest improvement with minimal deviations (relatively at),
while GCN Hy1 is the only test with a negative comparison to the baseline.

GNN Average  Comparing the GNN averages for 7, GCN and GAT Average in
the Static approach show the greatest improvement compared to the baseline, o ering
approximately 150% improvement. In contrast, SAGE shows a 29% disadvantage
compared to the baseline in Figure E.43. In comparison, in the Lag approach, all
three GNN averages start at or below the baseline and quickly deviate in a positive
direction from the baseline, showing an average improvement of approximately 300%
as seen in Figure E.45. Finally, Figure E.47 highlights the improvement of GAT
after approximately 30 snapshots.

Looking towards the 8 Static approach in Figure E.44 shows similar trends of
approximately 33 to 73% disadvantage to the baseline. The lag approach in Figure
E.46 shows GAT and SAGE at a slight disadvantage to the baseline, showing approx-
imately a 6% to 62% di erence. Finally, Figure E.48 shows that the SAGE and GAT
approach the baseline over time yet still fall short by 87 to 7%.

Test Average  Analyzing the Figures E.49, E.51, and E.49 for the 7 approach
observes that the Static 3 and Static 4 o er the greatest improvements for the Static
approach with a range of 200% to 33%. In comparing the Lag approach, Lag 1, Lag
2, Lag 3, and, at the end, Lag 4 all o er improvements to the baseline with a range
of 1% to 270%.
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For the 8 Static, Lag, and Hybrid approaches all show the same trends of a
disadvantage of all test averages compared to the baseline. These trends can be
observed in Figures E.50, E.52, and E.50.

In the inter-cluster analysis, not having edge weights does have some advantages.
The GAT continues to show excellence in understanding node representations com-
pared to the SAGE and GCN approaches. This metric is nice to observe to under-
stand the clusters' separation; however, some overlap and proximity are required to
hop messages between the clusters and share data amongst clusters.

Intra-Cluster Distance

Overall The intra-cluster distance notes that this distance within the cluster should
be as small as possible. When evaluating the inter-cluster distance in Figures E.55,
E.57, and E.59. The Static GAT 1 and Static GCN 4 are the only two tests that
show baseline improvement, while the remaining tests deviate signi cantly in trends
of opposite directions from the baseline. Comparatively, trends for 8 are observed,
showing all tests are below the baseline, signalling a far superior intra-clustering for
all the 8 approaches. These trends are shown in Figures E.56, E.58, and E.60.

GNN Average  The analysis of the 7 approach is that all three approaches, static,
lag, and hybrid, have higher intra-cluster distances, resulting in more diverse clusters.
This is shown in Figures E.61, E.63, adn E.65. The Static approach shows a 150 to
10% disadvantage compared to the baseline. In comparison, the lag shows a 400 to
250% disadvantage. Finally, the Hybrid approach shows the biggest di erence from
the baseline of 1200% to 8000% disadvantage to the baseline approach.

Comparing these results with the 8, all the GNN averages signi cantly improve
from the baseline; trends in Figures E.62, E.64, and E.66. For the static approach,
there is about a 60% improvement from the baseline, with GCN having the biggest
improvement of approximately 80%. The Lag and Hybrid approaches also achieve the
same trends with around 60% improvement, and GCN o ers the smallest intra-cluster
distance.

Test Average  Breaking this analysis down further, the 7 results show that the
Static 4 test temporarily improves upon the base and deviates slightly in a negative
direction from the baseline. The trends for 7 are shown in Figures E.67, E.69, and
E.71. The Static approach averages range within a 180% to 1% disadvantage from
the baseline. Comparatively, the Lag approach shows a greater disadvantage with
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a 1% to 320% di erence from the baseline. Finally, the Hybrid approach shows a
1000% disadvantage from the baseline.

Like the GNN Average trends for 8, all the test averages are less than the baseline.
These observations are found in Figures E.68, E.70, and E.72. Static and lag
approaches start strong, with approximately a 60% improvement from the baseline.
In comparison, the hybrid approach is consistently at a 60% improvement from the
baseline.

Comparing the 7 with 8 approach, it is evident that having the edge weight is
bene cial for the clustering as it creates more compact clusters with at least a 60%
improvement regardless of GNN or whether the static or hybrid approaches. Noting
that the GCN performed marginally better than the GAT for this metric, which is
one of the rst times the GCN has outperformed the GAT and SAGE on any of the
metrics.

MSE

Overall The overview of all the tests and GNNs for 7 and 8 for the MSE shows a
signi cant di erence for this comparison. Speci cally, the 7 has some improvement
on the baseline approach as shown in Figures E.73, E.75, and E.77. Speci cally,
we note baseline improvement in the Static approach, except for GAT 4 and GCN
3, which appear to be disadvantageous outliers. Then, to the Lag approach, GCN 1,
GCN 2, and GCN 4 appear to have a disadvantage compared to the baseline as they
have a higher score. Additionally, the hybrid approaches all improve the baseline by
at least 40%.

Comparing the 8 approach with Figures E.74, E.76, and E.78. It is observable
that static, lag, and hybrid all signi cantly improve the baseline approach with at
least an 80% improvement across the board.

GNN Average  Segregating this metric into GNN analysis, it is observable through
the 7 Approach that the static and hybrid approaches o er the most consistent base-
line improvement. This is observable in Figures E.79, E.81, and E.83. Speci cally,
the Static approach shows a 25% improvement for GCN, 56% improvement for GAT,
and an 88% improvement for the SAGE approach. The lag approach deviates from
this trend by starting low and increasing, showing a disadvantage of 300% for SAGE
and 20% for GAT and GCN. Finally, the Hybrid approach brings back similar trends
as that of Static GCN with a 99% improvement and GAT and SAGE sharing around
a 75% improvement to the baseline.
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Looking into the 8 approach, this improves signi cantly as GCN consistently
scores the best in comparison to the baseline for all three approaches: static, lag, and
hybrid. All three approaches also show a range of 99% to 90% improvement from
the baseline. Providing a signi cant advantage for the GNN average when using edge
weights. These trends are available in Figures E.80, E.82, and E.84

Test Average Concluding the analysis for MSE, the test averages are another
method for dividing the analysis. For 7 the Figures E.85, E.87, and E.89 show
signi cant improvement in Static and Hybrid Approaches overall. Further, the static
sees improvement of at least 75% for the Static 1, Static 2, and Static 4 approaches.
The Static 3 approach shows a disadvantage to the baseline of about 110%. Un-
fortunately, trends do not remain consistent for the Lag approach, where the only
improvement is with Lag4, o ering a 33% baseline improvement. The remaining Lag
1, Lag 2, and Lag 3 show up to a 250% improvement. Finally, the Hybrid approach
remains consistent with an 81% di erence for Hyl and Hy2.

Furthering the analysis with the 8 with Figures E.86, E.88, and E.90. Identical
trends in the Static and Lag approach, with at least an 80% improvement on the
baseline where Static 2 and Lag 2 o er the most improvement. As for the hybrid,
this matches the 7 approach hybrid results where there is at least an 80% di erence
from the baseline approach.

The MSE approach signals an interesting observation where the three GNNs expe-
rience similar averages for the 8 approach, and all tests remain consistent. Showing
8 signi cantly improves from the baseline approach. The most improvement comes
from the hybrid approach.

Silhouette Score

Overall The Silhouette Score typically ranges between -1 and 1 to consider the

cohesion of the points. A score of -1 indicates data points poorly assigned to the wrong
clusters. In contrast, O indicates points are within a very close decision boundary of

two clusters, while 1 indicates a well-separated cluster. Analyze the results of the

7 approach, observing that the majority of the test runs are between 0 and 0.4, as

shown in Figures E.91, E.93, and E.95. Some outliers exist between 0 and 0.6. In
comparison, the 8 results shown in Figures E.92, E.94, and E.96 show a greater
improvement of the clustering with ranges between 0 and 0.6 for all tests.
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GNN Average = Comparing the results for 7 the Figures E.97, E.99, and E.101
highlight some interesting trends across the GNN averages. For the static approach,
the GAT achieves the highest score of the GNN approach, with averages of around
0.2, while the GCN and SAGE averages hover around 0. The lag approach improves
this for the SAGE and GCN, respectively, around 0.1 and 0.2, while this approach
reduces these scores for GAT, which is 0.1. Further trends in the hybrid approach are
where SAGE starts at around 0.2 and drops to -0.1, while GAT and GCN improve
to have respective averages of around 0.15 and 0.

The trends observed in the 8 approach are visible in Figures E.98, E.100, and
E.102. All three static, lag and hybrid approaches o er improvements when compared
directly against the 7 as the range is increased by 0.1, o ering approximately a 10%
improvement in the averages. To summarize, the Static approach, SAGE and GAT
are similar to the baseline approach trends and, in some snapshots, improve the
score. GCN still falls short, however it improves the 7 and is within a normal range
for silhouette score. Moving to the lag approach, GAT improves the baseline score
by hovering around 0.45, while the baseline and SAGE are around 0.4. The GCN
improves slightly to hover around 0.2 and 0.25. Reviewing the hybrid approach, the
GCN remains between 0.2 and 0.25, while the SAGE drops to a 0.3 average and GAT
drops to a 0.4 average.

Test Average The individual test averages for the 7 highlight similar trends as
observed in the overall where the Static 1, Static 2, and Static 3 remain within a
normal range between 0 and 0.2, while the Static four is between 0 and -0.1. The
lag approach does improve these scores by ensuring lag 1, lag 2, lag 3, and lag four
all have scores within a normal range of 0 and 0.3. Finally, the hybrid approach
is mediocre, with scores between 0.3 and -0.2 showing signi cant variance. These
variances and trends are available in Figures E.103, E.105, and E.107.

Finally, trends for the 8 are observable in Figures E.104, E.106, and E.108 where
the static approach shows trends between 0.25 an 0.45. The static approach shows
two averages that approach very similar trends as the baseline, meaning Static 3 and
Static 4 o er signi cantly similar clustering trends to the baseline. Comparatively,
the lag approach sees Lag 1 and Lag 3 experiencing similar trends to the baseline, with
a range of test averages between 0.2 and 0.45. While the hybrid approach remains
consistent at around 0.3, o ering quality clusters that are within 10% of the baseline
approach.
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Summary

In summary, there are signi cant improvements in the iterative approaches. Notably,
the 8is superior to 7 due to the edge weights being present in 8. Based on the
improvements, it is evident that additional computations are necessary for the ac-
curacy of the cluster quality. Speaking of clusters in this analysis, the GNN often
outperformed the other GNN'and the baseline compared against the GAT in most
metrics. The hybrid approach provided a reasonable improvement across all metrics
for the majority of the metrics.

10.6.4 Preliminary Temporal GNN

The initial implementation of TGNNSs represents a promising step forward in predic-
tive modelling, particularly in the context of future location prediction and trajectory
forecasting within VNs. However, it is crucial to recognize that this initial phase is
just the beginning of a more extensive exploration and re nement process.

Figure 10.7: Initial comparison of predicted and true y-values in latent representation

The performance assessment at this stage provides a foundational understanding
of the model's capabilities and limitations. Measured by MSE in the TGNN 10.7
shows the predicted values compared to the true y-values. This chart's test predicts
ve steps into the future across 100 snapshots, resulting in 20 snapshots. Currently,
the predictions are 50 to 80% di erence from the true values. Comprehensive sensi-
tivity analyses assist in understanding how the model responds to changes in input
data and parameter settings by systematically varying key variables and assessing
their impact on model performance, thereby informing strategies for ne-tuning and
optimization.
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Metrics such as MSE gauge the model's robustness and e ectiveness under varying
temporal parameters like window size and granularity. In this context, window size
refers to the temporal scope or duration of historical data that the model considers.
Granularity, in this context, refers to the temporal detail or resolution level in the data
measured in intervals of seconds, minutes, hours, or days. These metrics o er valuable
insights into how the model performs across di erent settings and help identify areas
that require further attention.

Despite the promising results indicating TGNNs' potential advantages in cap-
turing temporal dependencies and enhancing prediction accuracy, there are several
avenues for further analysis and optimization. One crucial aspect is the re nement
of model architectures, where di erent con gurations and layers need further explo-
ration to improve predictive performance. Additionally, experimenting with diverse
graph representations can provide a deeper understanding of how network structures
in uence prediction outcomes.

Comprehensive sensitivity analyses are crucial for understanding how the model
responds to changes in input data and parameter settings. These analyses involve
systematically varying key variables and assessing their impact on model performance,
thereby informing strategies for ne-tuning and optimization.

Furthermore, enhancing the interpretability of TGNNs is paramount for their
practical deployment. Techniques such as attention mechanisms, feature importance
analysis, and visualization tools can help unravel the model's decision-making process
and make predictions more transparent and understandable.

Scalability challenges also warrant attention, especially as data complexity and
scale increase. Itis crucial to ensure that TGNNSs can e ciently handle large datasets
and computational demands for their real-world applicability.

10.7 Limitations

These four approaches represent the initial research for GNNs in loV. We need to
enhance and explore these methods further. Further investigation and re nement
of these approaches are crucial to realizing their potential and fully addressing any
limitations. Expanding the scope of research and incorporating diverse datasets,
parameters, and scenarios will provide a more comprehensive understanding of their
capabilities and feasibility for broader network implementations. Through continuous
improvement and exploration, optimizing the GNN approaches for e ective use in loV
systems.
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Performance Analysis The model's performance remains unknown because
it is trained with a static dataset and on current/live data. To determine its
feasibility for broader network implementations, we must test it across di erent
scenarios, datasets, parameters, and scopes.

Ablation Analysis Assessing the bene cial and noisy parameters within the
data will help create optimal GNN and graphing techniques. The current model
compares a baseline approach of x, y, type, and distances. Further parameters
need testing to fully understand the bene ts and limitations of the chosen pa-
rameters, thus determining which parameters are bene cial or noisy.

Prediction & Dwell Time Further improvements are needed in prediction
and dwell time as the current research is mediocre for the preliminary temporal
GNN predictions. Predictions are needed to bring the live or real-time and
predict future patterns, relationships, and trends to assist with the patterns
and experiences of clusters. Future predictions should be able to predict the
future clustering based on the future location of vehicles and nd clusters with

a longer life span. This approach reduces the computational resources required
to run every data snapshot for current clusters. It allows predicting clusters +t
snapshots into the future, creating accurate and longer-lasting clusters.

Dataset Further dataset testing for two reasons. The rst is to test the scal-
ability to see if this is feasible for larger and smaller datasets. Secondly, to
determine the computational resources required and if this would signi cantly
restrict the system if there were more resources in extreme proximity, such as
rush hour in a city's downtown core. Or dispersed, such as that of a rural
community.

Limited Clustering Techniques Due to the testing and comparison of this
model only occurring with KMeans, a classic clustering algorithm, further com-
parison of other clustering algorithms is needed to identify the full potential of
other clustering algorithms.

Latent Space Transformation  The cost of transforming latent space repre-
sentations into and out of the latent space is computationally intensive. It could
result in the waste of computational resources.

ML Model Comparison  As this is an initial approach with GNNs in loV,
other ML comparisons are available in the background 2 and related work 3 sec-
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tions. However, a comparison did not occur in the performance section. Leaving
room for future improvement, we can compare other ML models' performance
and clustering capabilities with the proposed GNN model.

10.8 Final Remarks

This section explores four distinct approaches: Baseline, Iterative Clustering, Iter-
ative Edge Weight Clustering, and a Preliminary Temporal GNN. The analysis of
the baseline approach indicated that the GNN showed comparable trends with slight
enhancements compared to the non-GNN clustering methods. The baseline strategy
identi ed an optimal clustering size of 10, showing optimal performance in terms of
SSE and MSE before reaching a plateau, resulting in an average of 30 vehicles per
cluster. The rst iterative approach exhibited promise and improvements over the
baseline, providing insights into the GNN's evolution across multiple snapshots and
emphasizing the need for a hybrid approach due to initial training requirements and
subsequent regular updates for model accuracy. Similarly, the second iterative ap-
proach incorporating edge weights demonstrated further improvements, highlighting
the advantages of including edge weights in this context. Lastly, the preliminary
analysis of the TGNN showed promise for future work, with predictions falling within

a 44% range and closely following the ground truth values, suggesting potential for
continued development and re nement.

In summary, while the initial testing phase reveals the potential of TGNNs for
future location prediction in VNs, it emphasizes the importance of rigorous analysis,
ongoing research, and re nement. By delving deeper into model architectures, explor-
ing diverse graph representations, conducting thorough sensitivity analyses, enhanc-
ing interpretability, and addressing scalability issues, researchers can fully unleash
the capabilities of TGNNs across a broad spectrum of applications.



Chapter 11

Conclusion

11.1 Summary

Vehicles in a dynamic VN are constantly in motion, leading to rapid changes in
network topology. This mobility introduces challenges such as frequent scalability,
availability, and reliability of the network to avoid network disruptions in a highly
mobile environment. Resource allocation strategies should consider these dynamic
tra c patterns to optimize resource utilization by using algorithms and techniques to
improve resource availability and scaling during the varying demands of the network.

A natural way to observe the relationships of VNs is through the implementation
of graph structures. Vehicles, RSUs, and towers represent a node, while the edge
represents the distance between the two nodes. These graphs are then fed into a
GNN (GCN, GAT, GraphSAGE/SAGE) to determine relationships and improve the
interpretation of the classic clustering solution. This approach was tested in three
di erent phases. The rst was a baseline with one snapshot, and the training with
one graph. The second was an iterative approach with varying parameters and edge
weights. The third was a preliminary test to predict future locations to predict future
clusters that would have longevity.

Implementing this method o ers improvements to resource allocation methodolo-
gies in dynamic VNs within the eld of VEC. By integrating GNNs with cluster-
ing techniques, research is designed to work exibly with any GNN and clustering
algorithm, o ering adaptability and exibility within the model. The application
of the model achieves understanding, interpretation, and improvement in clustering
through the relationships of the graph structures. Thus, it is important to address
diverse and evolving network conditions. The successful acceptance of this work
in reputable conferences and publications, such as Elsevier WIDECOMM 2023 and
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IEEE WiMob 2024 pending, underscores its signi cance and contribution to the eld,
paving the way for further innovation and improvement in intelligent transportation
systems. The contributions outlined, including the Vehicular Edge Stability Model,
GNN-based Vehicular Edge Clustering, Iterative Clustering Model, and Temporal
Edge Estimation Algorithm, collectively enhance the e ciency, stability, and respon-
siveness of resource allocation in dynamic VNs, setting a strong foundation for future
research and practical implementations.

The results show improved resource allocation e ciency and reduced latency by
improving the clusters through various tests. AUC, AP, SSE, MSE, Silhouette,
Davies-Bouldin, and Calinski-Harabasz scores. The baseline approach examines the
potential of three GNN-based clustering approaches to enhance data sharing and re-
source sharing on the network edge for vehicular systems. We assess their capability
to form cohesive vehicle clusters in edge computing through experiments and sim-
ulations. For a large number of clustersK ), GNN-based approaches (GCN, GAT,
and SAGE) decreased from 47 to 62.5% in average distance to the centroid. At the
same time, they showed negligible di erences from K-means when observing SSE.
When looking at cluster cohesion, GNN-based approaches outperformed K-Means by
up to 63. 41% for more than nine clusters in the Silhouette score and by 53. 9% for
more than seven clusters in the Davis-Bouldin index. Finally, all three GNN-based
approaches reached a 'good' AUC value over 1000 epochs.

Thus, the proposed approach helped cohesively group vehicles at the edge, po-
tentially resulting in more reliable vehicle communication. Further improvement is
seen in iterative approaches with AUC 80% and higher, while AP started at 80% and
achieved regular early stopping when training the model due to the 80% minimum
cut-o set in the model.

Improvements are also observed in the iterative approach based on the static, lag,
and hybrid sub-approach. Notably, the hybrid approach generally outperformed the
static and lag due to its ability to learn up-front and continually update in future
iterations, resulting in relevant and recent information with a strong foundation.
The hybrid o ered showed a 60% improvement in MSE for all hybrid tests and for
all GNNs. Similarly, this trend continued into the inter-cluster distance and intra-
cluster distance with a minimum of a 20% improvement. A slight improvement in the
Davies-Bouldin score shows a 5% improvement. The Calinski-Harabsz and Silhouette
Score remained between 0.2 and 0.8 for most of the iterations, o ering a 'Good'
score for baseline and hybrid approaches for both analyses. It is observed that the
type of frequency, GNN, and iterative approach used will impact the improvements of
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clustering. Although this analysis is thorough, future works should consider additional
scenarios, parameters, and time intervals.

The initial exploration of TGNNs presents an innovative avenue for advancing
research e orts. This methodology has the potential to forecast vehicle locations
within the network, aligning with our objectives (O3) & (O5) aimed at enhancing
cluster longevity. However, substantial enhancements are imperative for the TGNN
to fully substantiate its contribution. Despite observable improvements in the pre-
dictions, there is a 50 to 80% di erence from the actual future location values. To
translate this potential into a viable real-world solution, key areas of improvement in-
clude ne-tuning parameters to optimize GNN, conducting tests in various scenarios,
and conducting extensive evaluations of both TGNN and clustering methods using
predictive strategies.

11.2 Future Directions

Several avenues for future research and development can be explored to advance the
eld of VNs using GNN data for clustering.

" Additional Temporal GNNs  : Enhance the initial Temporal GNN by intro-
ducing more Temporal GNN variations for comparative testing, following an
iterative and baseline approach.

Temporal GNN Analysis : Conduct a deeper examination and assessment of
GNNs by incorporating various parameters into the GNN and dataset, exploring
various scenarios and con gurations to identify the optimal solution.

Scenario Testing : Evaluate di erent scenarios to gauge the research's practi-
cality, including extended timeframes (e.g., 24 hours or more to assess high and
low demands) and various tra ¢ patterns such as rural, suburban, city, and
downtown areas.

Additional Dataset Parameters : Incorporate and assess various parame-
ters related to VECs, possibly using Principal Component Analysis (PCA) to
identify optimal and minimally impactful parameters.

Simulation Integration : Move towards simulating real-world scenarios by
integrating the research into a simulator such as VEINS.
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Tuning : Further re ne both GNNs and Temporal GNNs to pinpoint optimal
values for each scenario and potentially for all scenarios collectively.

" Additional Clustering Methods . Explore beyond KMeans clustering, con-
sidering the implementation of other clustering algorithms to uncover further
advancements in the research eld.

Latent Space Transformation  Transforming to latent space and back is time
consuming. More methods should be considered to reduce the computational
resources and time required to compute the latent space.

Cluster Size Consider adding thresholds and limitations to the cluster sizes
to balance the load of resources. For example. requiring a range of 3 to 10 cars
to join together to form a cluster. This will assist in avoiding scenarios with
signi cant cluster size di erences amongst clusters within the network.

Ablation Analysis Perform an ablation analysis to observe the contributions
of various components of the GNN Autoencoder model to determine the aspects
of the model architecture, features, and/or training procedures most crucial for
achieving high performance. We further explore the parameters that are the
result of the analysis.

Type Analysis Considering the node parameter "Type" include or remove to
observe if this parameter makes a di erence within the GNN autoencoder or
not.

" Ground Truth Labels  Consider ground truth labels to determine whether
the model performs optimally or suboptimally. This could also open up new
avenues of exploration, such as semi- and supervised learning methods for the
GNNSs.
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Appendix A

De nitions & Key Terms

Client-Assisted Cloud System : A distributed cloud paradigm where re-
source pooling exploits client resources. In this model, user devices are consid-
ered edge devices in an external network [6].

Core Switch : Hosts multiple Top of Rack (ToR) switches and provides large-
scale VLAN or simple IP routing for the data center [6].

" Internet Protocol (IP) / Multi-Protocol Label Switching (MPLS)
Network : A packet-switched network employing TCP/IP with MPLS stan-
dards [6].

" Local Cloud/VFC : Cloud resources located closer or local to the users [6].

Nano Data Center (NaDa) : Smaller data centers are designed to reduce the
distance to end-users and decrease network delays [6].

Non-Blocking Switch : Can route any request to any available port without
interference from other tra c [6].

Reward : The computation that determines, computes and analyzes the sum
of the rewards in the VC system [3].

State Space: Represents the current resource and request states within the
VC system [3].

ToR Switch : Switches that aggregate Ethernet or VLAN links from servers
and connect to one or two core switches within the data center [6].
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A

Transition Probability : The calculation and probability of a system's state
changing within the VC system [3].

" Virtual Switch (VS) : A software-based Ethernet switch function executed
within a server, facilitating switching and routing support among tenants/users
sharing the server [6].

Volunteer Computing System  : Similar to a cloudlet model, it allows owners

of computational resources to share their resources for processing tasks through
WAN connections. Unlike the cloudlet model, it involves numerous distributed
volunteer computers rather than small-scale data centers [6].

Further de nitions are visible in the Background of the paper.



Appendix B

Incentive Explanation

N

Game Theory - A category for approaches that strategies the best way to
allocate resources in a vehicular network. The allocation of resources depends
on how all users intend to act on critical resources [5] [36].

{ Non-cooperative Game - In theory, each individual is only concerned
with maximizing their pro t and does not consider the pro t or welfare of
the rest of the network when simultaneously presenting prices. In theory,
it is possible to have both a multiple and no Nash equilibrium, and it is

important to verify the uniqueness of the equilibrium to set prices. Brokers
commonly use models in cloudlet systems [5].

{ Stackelberg Game - Uses a prede ned order to announce pricing strate-
gies after observing the pricing of others in the network. Prot is guaran-
teed to achieve a minimum or better Nash equilibrium. When allocating
bandwidth to virtual networks, the theory reduces user access to servers
within a cloud environment [5].

{ Bargaining Game - This may also be called the Nash bargaining game.
At least two players must agree on the allocation and distribution of re-
sources at an acceptable price for both parties. The seller wants to max-
imize prot, while the buyer wants to reduce cost. If the price is not
agreeable, it results in a disagreement or threat point, and negotiations
do not result in a settlement. It is commonly seen when sharing resources
between SPs, requests to data centers, and allocating virtual resources [5].

{ Markov Game Model - Uses DRL to estimate the price of resources in
a network or environment with multiple providers and users [36].
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A

Auction Theory - Similar to real-world auctions, the approach uses bidding
to buy and sell resources based on the agreed price. The bidder within the
environment is the user who is looking to purchase the resources. The seller
sells the resources or services, and the auctioneer is the intermediary conducting
the auction and announces the winner. [5].

{ Conventional Auction - Uses what is called aropen-outcryauction for
bidding. The bidding method allows users to make informed decisions
based on what others have stated they are willing to pay for the resources
or services. [5]

* English Auction - This is the process where a price increases with
each buyer's bid to the auctioneer. The auction, in theory, ends when
the highest price achieved does not result from any further bids [5].

* Dutch Auction - This is where the seller or auctioneer sets the high-
est price, and each buyer's bid decreases until the buyer accepts the
price. The buyer who wins will receive the price and resources. The
method is faster than English auctions [5].

{ Vickrey & Vickrey-Clarke-Groves Auctions (VCG) Auctions -
This is a sealed bid auction where buyers submit their sealed bids simulta-
neously and are private or unknown to other buyers. Buyers cannot change
their bids after submission. Another term would be blind bidding [5].

* Vickrey Auction - This may also be referred to as a second-price
sealed-bid auction where the winning bidder pays the second-highest
price vs the price they submitted. The type of auction is one of the
most important k-th, the sealed-bid auction auction price. The idea
behind the auction is to promote honest bidding, which helps eliminate
the risk of market manipulation and poor outcomes [5].

* VCG Auction - is an extension to the Vickery sealed bid auction
that grants the winner of the bid with the loss of social value and
allocates resources in a socially optimal manner [5].

{ Forward, Reverse, and Double Auctions - [9]

* Forward & Reverse Auctions - Forward is the type of auction
where the ratio of buyers to sellers is many to one. Reverse auctions
are when there are too many ratios between buyers and sellers [5].
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* Double Auction - Is the matching of buyer and seller bids by assign-
ing resources from the sellers to the buyers and transferring payments
accordingly [5].

{ Combinatorial Auction - Where the auctioneer nds the optimal allo-
cation of resources for the buyer using a combination or package of discrete
resources instead of one resource. The advantages of auctioning are the re-
duction of global information requirements, economic e ciencies, revenue
maximization, and the maximization of utilities for buyers. The downside
of the method is that no polynomial-time algorithm allocates resources
optimally [5].

{ Shapley Value - In the auctioning method, there exists a virtual winner,
a set of winners that share the payment and resources, generally considered
a cooperative game [5].

Contract Theory - Is a category for approaches where providers and users ne-
gotiate on a contract with various conditions on pricing shared resources [22] [26].

{ Contract-Design of HetUDNs SDN - Uses Contract theory to leverage
SBS to achieve their maximum utility [26].

{ Stackelberg Game and Contract Theory as a Combined Opti-
mization - Implements both the Stackelberg game and the contract the-
ory of optimization in a two-stage algorithm to maximize and fairly price
resources between buyers and sellers. [22].

N

Market-Based Pricing - Is a category for approaches that involve determining a
competitive price for resources [5]

{ Cost-Based Pricing - Is the balance of maximizing a seller's pro t while
satisfying SLA to the users. The price is set according to the cost of
executing the request [5].

{ Di erential Pricing - Considers the di erence in usage based on the be-
haviour and probability of the resources used. The calculation considers
the current price, the average probability of rescinding the service, and
the history of the rescindation probability to determine the price of the
requested resource. The main goal is to maximize the pro ts of the sell-
ers [5].
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{ Prot Maximization - is the method of maximizing the pro ts of sellers
by sharing resources, which allows the rental, borrowing, and further shar-
ing of resources among sellers to produce a maximum gain for all sellers [5].

{ Ramsey-Based Pricing - Similar to di erential pricing, the only di er-
ence is that it aims to equalize by maximizing social welfare for buyers [5].

{ Post-Price Mechanism - Is the assignment of prices as each seller arrives
sequentially, and each seller holds the right to "take or leave " the proposed
price. The price is generally accepted if the price is greater than the actual
cost. price proposed to the buyer who has the right to "take-it-or-leave-it,"
and the set price is determined based on the buyer's responsibility. [5]

{ Network Utility Maximization (NUM)-Based Pricing - May also
be referred to as a dual-based distributed algorithm for resource alloca-
tion. The methodology is to maximize the total utility of the users in

the network, considering the constraints on the network. is similar to the
tenanted cloud [5].



Appendix C

GNN General Terminology

Terms are from [90]

A

Graph Neural Network - This class of arti cial neural networks uses graphs
to represent and process data.

Graph - is a diagram consisting of nodes and edges.

Node - Refers to the vehicles and connection points within the vehicular net-
work. These points will gather information from the neighbourhood and be
aggregated. Sometimes referred to as a vertex. Represented as a V.

Edge - is the connection, Link, or relationship between two nodes. Represented
as E

Global/Master Node - Represented as a U

Label Propagation - Nodes collect signals from each other and aggregate the
information using loops and matrix multiplications.

Alpha - Is the measurement of the graph's relative contribution to the remain-
der of the calculation.

Neighbour - A node nearby that can connect to a speci ¢ node.

Neighbourhood - Similar to vehicular clusters, it is a series of neighbour
nodes.

Matrix - Is the representation of edges connection commonly using O for no
connection, 0.5 for unknown connection, and 1 for a connection. This method
can di er depending on the use case.
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Aggregation - Typically, a calculation is computed at the neighbourhood level.

Embeddings - consists of the process of converting high-dimensional data to
low-dimensional data into a vector in a semantically similar way.

Normalize the Neighbours - Is applying a normalization constant or degree
of nodei to the neighbours to normalize the data set into a similar scale.

Linear Projection - Is the multiplication of a nodel in a linear projection
matrix. In other words, it presents the data in the form of input.

Knowledge Graph - Consists of the source node, relational type, and destina-
tion node. Usually representing a graph stored within the network's database
to assist in visualizing the graph structure.

Relation Type - Calculates the summation of relation types that occur in the
P
set R

Aggregate Neighbours & Non-Linear Activation Function - Summa-

rizes the nodes nodes of a particular type ih} and the neighbours of node.
.. P

Resulting in j2Nr

Normalize the Neighbours - Calculates the degree of node such as the
normalization constanté

Linear Projection - Multiplies node | for the linear projection matrix and r
for the unique relation type W, .

Self-Connection - Calculates a nodes vector and projection matri¥V,.
R . . P
Weight Matrix - hi"™* = (" jon, FW'h}).
" Relational GCN - Calculates projections based on relation type and projection
. . . P
matrix, putting them in the same spaceh!™ = (W/h! ", j2NT di_Wr'h}).

Basis Decomposition - Calculates the linear combination of sharing and

learning the components by specifying the number of W's you want in each
. , , P

layer. It may also be considered a weight-sharing schem& = = &, al, V.

Block Diagonal Decomposition - Calculates the strong connections within a
group that has little to no interaction outside the group and reduces the matrix

| — B |
VVr - b=1 Qbr'
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GAT Considers connections, including self-connections, to learn from the ag-
gregated neighbourhood information as opposed to using structural information
like node degred ) = iy uznw N

Attention Function Is a mechanism used in deep learning, particularly in
models like the Transformer. It allows the model to focus on di erent input
parts when making predictions. Attention mechanisms assign di erent weights
to di erent parts of the input sequence, allowing the model to weigh the impor-
tance of each element dynamically.

Softmax Function Often used to convert a vector of raw scores or logits into
probabilities. It takes an input vector and computes the exponent for each
element, then normalizes the values to ensure they sum to 1. Is commonly used
in classi cation problems to turn raw scores into

LeakyRelLU Function Is an activation function commonly used in neural
networks. It allows a small, non-zero gradient when the input is negative,
preventing the "dying ReLU" problem where neurons can become inactive and
stop learning.

Adjacency Matrix Is a square matrix used to represent a nite graph. The
matrix elements indicate whether pairs of vertices are adjacent or not in the
graph. For a graph with N vertices, the adjacency matrix is arN N matrix.

Self Connections Refer to edges that connect a vertex to itself. In the context
of neural networks and GNNs, self-connections can incorporate information from
a node's features in the aggregation process.

Inductive Capability Is the ability of a machine learning model, particularly
graph-based models like GNNs, to make predictions on data that it hasn't seen
during training. Models with good inductive capability can generalize well to
unseen examples and adapt to new patterns in the data.

Shallow Encoding - The simplest encoding approach, or embedding lookup,
in the form of a matrix factorization and node2vac.

Learning Framework - Encoder mapping nodes to embeddings through a
similarity function based on the network structure.



Appendix D

Dataset & Parameters

The dataset and parameters used in this research currently contain the following
parameters and data for each time snapshot.

PN

ID: Identi er for each data point. 10000+ represents Towers, 100+ represents
RSUs.

x: X-coordinate of the current position.

y: Y-coordinate of the current position.

future _x: X-coordinate of the predicted future position.

future _y: Y-coordinate of the predicted future position.

acceleration: Acceleration of the vehicle.

measuredSinrUl:  Vector representing the measured S (SINR)in the uplink.
measuredSinrDIl:  Vector representing the measured SINR in the downlink.
closest_rsu: ldenti er of the closest RSU to the current position.

next _rsu: Identi er of the next RSU in the predicted path.

closest _tower: Identi er of the closest tower to the current position.

next _tower: Identi er of the next tower in the predicted path.
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Figure D.1: Snapshot of the dataset
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lterative Analysis
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E.1 Calinski-Harabasz Index

E.1.1 Overall Comparison

Figure E.1: Static (P2 - No Edges) Figure E.2: Static (P3 - Edges)

Figure E.3: Lag (P2 - No Edges) Figure E.4: Lag (P3 - Edges)

Figure E.5: Hybrid (P2 - No Edges) Figure E.6: Hybrid (P3 - Edges)
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E.1.2 GNN Average

Figure E.7: Static (P2 - No Edges)

Figure E.9: Lag (P2 - No Edges)

Figure E.11: Hybrid (P2 - No Edges)
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Figure E.8: Static (P3 - Edges)

Figure E.10: Lag (P3 - Edges)

Figure E.12: Hybrid (P3 - Edges)
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E.1.3 Test Average

Figure E.13: Static (P2 - No Edges)

Figure E.15: Lag (P2 - No Edges)

Figure E.17: Hybrid (P2 - No Edges)
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Figure E.14: Static (P3 - Edges)

Figure E.16: Lag (P3 - Edges)

Figure E.18: Hybrid (P3 - Edges)
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