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Abstract

Vehicular Edge Computing (VEC) is a specialized extension of Mobile Edge Comput-
ing (MEC) designed to support real-time processing in intelligent transportation systems.
It enables vehicles to offload computationally intensive tasks to nearby Roadside Unit
(RSU)s equipped with MEC servers, reducing latency for time-critical applications such
as autonomous driving, intelligent traffic control, and Vehicle-to-Everything (V2X) com-
munication. However, the mobility of vehicles and the short coverage duration within an
RSU’s range present significant challenges for task offloading and scheduling. The grow-
ing volume of tasks from multiple vehicles can cause congestion, delays, and task drops,
undermining overall system performance. To establish a performance benchmark, we first
employ deterministic algorithms, including First-Come, First-Served (FCFS) and Shortest
Deadline First (SDF), which are simple and fast methods for real-time task offloading.
To explore more efficient scheduling, we then apply a metaheuristic method called Parti-
cle Swarm Optimization (PSO). This optimization approach is first evaluated in a static
scheduling environment, in which the algorithm is executed only once on all tasks, without
considering their real-time arrivals, and schedules them all at once. FCF'S executes tasks in
arrival order without prioritization, while SDF improves performance by prioritizing tasks
with shorter deadlines. PSO achieves the best performance in this static environment be-
cause execution time and additional waiting times caused by the static nature are ignored.
This method is called Offline Static PSO (Off-Sta-PSO), and it provides the theoretical
upper bound. By considering the real-time execution and waiting times introduced in
this scenario, we also establish the lower bound case, called Online Static PSO (On-Sta-
PSO), which yields the worst performance. Recognizing the limitations of task offloading,
we also propose a task partitioning approach. Some portions of the tasks are offloaded
to RSUs, while the remaining parts are processed locally by onboard vehicle processors,
leading to reduced latency and fewer dropped tasks. Moving to real-time task offloading,
while dynamic PSO enhances task scheduling, its high computational cost and long con-
vergence times limit its real-time viability. To address this, we introduce Online Dynamic
Cost-Driven Algorithm (On-Dyn-CDA), a novel real-time scheduling algorithm. Unlike
PSO, it operates in milliseconds, adapts to vehicle mobility, congestion, and RSU load,
and requires no pre-training. On-Dyn-CDA surpasses Dynamic PSO by 3.42% in task loss,
reduces latency by 29.22%, and executes in just 0.05 seconds under the most complex sce-
nario, compared to 1330.05 seconds required by Dynamic PSO. Finally, we compare online
PSO with Deep Reinforcement Learning (DRL) methods like Deep Q-Network (DQN) and
proximal policy optimization (PPO). Although Reinforcement Learning (RL) is grounded
in the Markov Decision Process (MDP), which assumes a stationary environment, VEC
systems are inherently dynamic due to vehicle mobility, changing task arrivals, and vari-
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able RSU associations. To address this mismatch, our framework introduces a decision
window mechanism that segments incoming tasks into locally stable intervals, allowing the
RL agent to operate under near-stationary conditions. Additionally, we design adaptive
reward functions that guide the agent to minimize both task drops and end-to-end (E2E)
latency, based on real-time task characteristics and server availability. The state space
includes dynamic context such as MEC server availability and task deadlines, enabling in-
formed and responsive decision-making. Our DQN and PPO models are trained on diverse
mobility traces and evaluated in unseen environments, demonstrating strong generaliza-
tion without retraining. Despite the non-stationarity of VEC, this design enables robust
online scheduling, with DQN outperforming dynamic PSO in both latency and task relia-
bility. DQN substantially reduces execution time, completing in only 10.62 seconds, lowers
dropped tasks by 2.5%, and decreases E2E latency by 18.6%. Compared to PPO, DQN
achieves a 57.1% reduction in execution time, along with a 5.7% decrease in E2E latency
and a 1.7% reduction in dropped tasks. The results demonstrate the effectiveness of this
research in addressing the core challenge of real-time task scheduling in VEC systems. !

IText shown in blue throughout this thesis indicates hyperlinks to external or internal sources.
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Chapter 1

Introduction

MEC allows mobile devices to offload heavy computational tasks to nearby edge servers,
improving response time and conserving energy, which is essential for real-time applications
like autonomous driving. However, MEC faces challenges such as high loads of tasks on
the servers, leading to increased waiting times and dropped tasks. This thesis investigates
solutions to these challenges within the context of vehicular networks.

MEC is a network architecture concept introduced by the uropean Telecommunications
Standards Institute (ETSI) around 2014. It was developed to address the growing demand
for low-latency, high-bandwidth services and to support the increasing number of connected
devices in mobile networks. The core idea of MEC is to bring cloud-computing capabilities
closer to end-users by deploying computing and storage resources at the edge of the mobile
network, such as base stations or access points [28]. By processing data near its source,
MEC reduces the need to send information to distant cloud data centers, leading to faster
response times, reduced backhaul traffic, and more efficient network usage. MEC was
introduced as a response to the limitations of traditional cloud computing in handling
real-time, location-aware, and bandwidth-sensitive applications, and it has since become a
foundational technology for emerging fields like the Internet of Things (IoT), augmented
reality, and connected vehicles [21].

To reflect its applicability beyond mobile networks, the term Multi-access Edge Com-
puting is adopted to encompass other access technologies such as Wi-Fi, fixed broadband,
and satellite. This broader term highlights MEC’s flexibility in supporting a wide range
of user devices and connectivity modes, not just mobile cellular users. Building on the
foundation of MEC, VEC emerges as a specialized extension tailored for the dynamic en-
vironment of vehicular networks. While MEC was originally introduced to bring cloud



capabilities closer to mobile users, VEC adapts this concept to meet the unique demands
of vehicles on the move.

One of the key distinctions between VEC and MEC lies in the characteristics and
implications of mobility. In VEC, vehicles move at high speeds along structured routes,
leading to rapid changes in network topology and frequent handoffs between edge nodes
such as RSUs or other vehicles. This introduces challenges like intermittent connectivity;,
reduced offloading windows, and the need for ultra-low latency responses, especially for
safety-critical applications. While MEC also deals with mobility, the movement is generally
slower and less disruptive to network stability, resulting in longer-lasting connections and
more predictable task execution. Although both paradigms may support applications with
strict real-time requirements, the high-speed, large-scale, and coordinated mobility in VEC
environments amplifies the difficulty of maintaining consistent performance. Consequently,
VEC demands more adaptive, location-aware, and resilient task offloading strategies to
cope with its uniquely dynamic conditions. In VEC, vehicles can offload tasks such as
environment sensing, object detection, route planning, and traffic analysis to nearby edge
servers located in RSUs or even other vehicles. This reduces the processing burden on
individual vehicles, lowers energy consumption, and ensures fast response times, which
are essential for safety and efficiency in transportation systems [51]. VEC is particularly
valuable due to the high mobility of vehicles, the need for rapid decision-making, and the
massive amount of data generated on the move. By utilizing local edge resources, VEC
supports critical applications such as collision avoidance and intelligent traffic control,
making it a vital component of modern vehicular networks [57].

Task offloading in vehicular networks involves transferring computationally intensive
tasks from vehicles to more powerful external resources, such as edge servers located in
RSUs or even other nearby vehicles. Modern vehicles are equipped with various sensors
and systems that generate large volumes of data for tasks like real-time navigation, object
detection, video processing, and collision avoidance. Processing all of this data locally can
strain a vehicle’s onboard computing resources and drain energy. To address this, task
offloading allows vehicles to delegate demanding operations to edge servers through VEC,
enabling faster processing and reducing the load on local systems [36]. This approach offers
several advantages. It minimizes latency, which is critical for time-sensitive decisions, and
improves overall system efficiency by balancing workloads across the network. Task offload-
ing also enhances scalability, as it allows the network to handle increasing demands from a
growing number of connected vehicles. However, successful offloading depends on factors
like network connectivity, vehicle mobility, task deadlines, and server availability. As a
result, designing intelligent offloading strategies is essential to ensure reliable performance,
low latency, and effective use of available edge resources in vehicular environments [2].



In addition to task offloading, task partitioning can also be an effective approach in ve-
hicular networks. Instead of offloading an entire task, task partitioning involves dividing
it into smaller components, with certain parts executed locally on the vehicle and others
processed by VEC servers. This method offers a balanced solution to challenges such as
latency, energy consumption, and limited onboard computing power. By handling urgent
or lightweight operations locally, such as obstacle detection or basic sensor processing,
and offloading more complex or time-flexible components like image recognition or route
planning, vehicles can maintain real-time responsiveness while still benefiting from edge
resources. Task partitioning is particularly valuable when network conditions are unstable
or when full offloading is not feasible. To implement it effectively, intelligent partitioning
strategies are needed that take into account task requirements, current network perfor-
mance, and available computing resources both locally and at the edge [10].

Moving on to the algorithms used in task offloading, deterministic approaches enable
fast and straightforward decision-making based on predefined rules. Two commonly used
methods are FCFS and SDF. FCFS processes tasks in the exact order they arrive, without
considering task size or urgency, making it easy to implement but potentially inefficient
under heavy load. In contrast, SDF prioritizes tasks with the closest deadlines, aiming to
reduce the number of dropped tasks by handling the most time-sensitive ones first. While
these methods offer fast and straightforward decision-making, they are not always reliable
in complex and dynamic vehicular environments. FCFS processes tasks based solely on
arrival time, ignoring factors like task size, urgency, or system load, which can lead to
inefficient use of resources and increased latency. SDF improves on this by prioritizing
tasks with the nearest deadlines, but it still overlooks other important aspects such as
computation time, communication delays, and current server load [61].

To efficiently manage task execution in vehicular networks, optimization techniques
play a critical role in determining the most effective way to process and allocate tasks.
The main objective is to minimize the total latency and reduce the number of dropped
tasks, especially in environments with limited computational resources and fluctuating
network conditions. Total latency in this context is defined as the sum of communication
and computation latencies. Communication latency includes the time taken for uplink
and downlink transmissions. Computation latency, on the other hand, refers to the time
it takes to process the task either locally on the vehicle or remotely on the edge server.
Optimization is particularly valuable when dealing with task offloading and partitioning
decisions. It helps in selecting not only where and how each task should be executed,
whether locally, fully offloaded, or partially offloaded, but also in what order tasks should
be scheduled to minimize delays and avoid overloading the system. Given the complexity
and dynamic nature of vehicular environments, heuristic optimization algorithms are often



used due to their ability to find near-optimal solutions in reasonable time frames [103]. One
such technique employed in this thesis is PSO, a population-based metaheuristic inspired
by the social behavior of birds flocking or fish schooling. In PSO, a group of particles
moves through the search space to find the optimal solution by updating their positions
based on their own experience and the experiences of neighboring particles. Each particle
adjusts its trajectory according to its best-found position and the best-known position
among all particles, gradually converging toward an optimal or near-optimal solution.
PSO is well-suited for task offloading and scheduling problems because it can efficiently
handle the multi-dimensional search space created by numerous variables such as task sizes,
processing deadlines, edge server loads, communication delays, and energy constraints. In
the context of this thesis, PSO is used to find the best offloading and partitioning decisions
for a set of tasks, ensuring that the overall system latency is minimized and that as few
tasks as possible are dropped due to timeouts or resource shortages. By integrating PSO
with a well-defined model of task execution and communication costs, the system can
adapt to changing network conditions and dynamically optimize task handling in real
time, improving the reliability and performance of VEC systems [88].

In highly dynamic environments like vehicular networks, static or pre-defined task of-
floading strategies often fall short due to rapidly changing conditions such as vehicle mo-
bility, fluctuating network bandwidth, variable edge server loads, and unpredictable task
arrival rates. These conditions demand a more responsive and adaptive approach known
as dynamic task offloading. Dynamic task offloading allows vehicles to make real-time de-
cisions on whether to process tasks locally, offload them entirely, or partition them, based
on the current state of the system. This flexibility is crucial for maintaining low latency,
ensuring reliability, and minimizing the number of dropped tasks in such time-sensitive
scenarios [31].

While optimization techniques like PSO can provide effective offloading strategies by ex-
ploring a wide range of possible solutions, they are often not suitable for real-time decision-
making in vehicular networks. PSO and similar metaheuristic methods typically require
multiple iterations and considerable computation time to converge to a near-optimal solu-
tion. In fast-changing environments where task decisions must be made within milliseconds,
this high execution time can lead to delays, rendering these methods impractical. There-
fore, lightweight, fast, and context-aware offloading mechanisms are needed to support
dynamic task offloading in real-world vehicular systems. These approaches prioritize quick
adaptation over perfect optimization, aiming to maintain system responsiveness and ser-
vice continuity in constantly evolving conditions [3]. ML has become a valuable approach
for enabling intelligent decision-making in dynamic and complex environments. In the
context of vehicular networks, ML techniques can learn patterns from data and adapt to



new situations, making them highly suitable for dynamic task offloading. Among various
ML approaches, RL stands out as a promising solution for real-time decision-making in
uncertain environments. RL allows an agent to learn the best offloading strategy through
interaction with its environment. It does so by receiving feedback in the form of rewards
or penalties based on its actions, gradually improving its decisions over time. This makes
RL particularly effective in dynamic scenarios where conditions such as network band-
width, server load, and vehicle mobility are constantly changing [47]. Unlike deterministic
or static optimization methods, RL does not require prior knowledge of the environment
or hand-crafted rules. Instead, it can continuously adapt its behavior based on current
observations, aiming to minimize total latency and reduce the number of dropped tasks.
With its ability to balance exploration and exploitation, RL can find near-optimal task
offloading policies that respond efficiently to real-time system changes. This makes it a
strong candidate for achieving fast, adaptive, and intelligent task management in VEC [66].

One widely used RL algorithm is DQN. It combines traditional Q-learning with Deep
Neural Network (DNN) to approximate the Q-values, which represent the expected cu-
mulative reward of taking a specific action in a given state. In the context of vehicular
task offloading, DQN helps the agent decide whether to process a task locally, offload it
entirely, or partially, by evaluating the long-term impact of each action. DQN is effective
because it learns directly from experience and can handle high-dimensional state spaces,
such as those involving multiple tasks, network conditions, and server loads. PPO extends
the RL framework by directly optimizing the policy through policy gradient methods, of-
fering a structured approach to learning optimal actions without relying solely on Q-value
estimation. It employs a clipped objective function to stabilize policy updates, preventing
excessive shifts that could disrupt learning. This stability is particularly advantageous in
scenarios with continuous or complex action spaces, such as deciding optimal task offload-
ing percentages or dynamically allocating resources in vehicular systems. PPO’s structured
update mechanism makes it a compelling choice for maintaining consistent performance in
rapidly changing environments. Both DQN and PPO provide powerful tools for intelligent
task offloading. DQN is simpler and effective for discrete action spaces, while PPO offers
more flexibility and robustness in complex, dynamic scenarios. Their ability to learn and
adapt to real-time conditions makes them highly suitable for optimizing task management
in VEC systems [45].

1.1 Contributions

This thesis introduces a comprehensive framework for efficient task offloading in vehicular
networks under realistic and high-stress conditions. The main contributions are as follows:



1. A theoretical performance benchmark is established using PSO in a static and offline
setting, providing a reference for evaluating the performance of dynamic algorithms
under ideal conditions.

2. A dynamic scheduling environment is developed using a decision window approach
that intelligently handles incoming tasks before MEC availability, enabling timely
and efficient task allocation while minimizing F2E latency and task drop rates.

3. A novel and fast cost-driven algorithm is proposed for real-time task scheduling,
effectively managing continuous task arrivals and fluctuating resource availability
with minimal computational overhead. Additionally, the system integrates pretrained
RL models such as DQN and PPO, employing a dynamic reward function to adapt to
varying scenarios without the need for retraining. In straightforward conditions, the
system bypasses unnecessary intelligent decision-making to further reduce execution
time while maintaining performance.
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The next chapter offers an overview of existing research relevant to this field. Chapter 3
details our investigation into static task offloading integrated with task partitioning through
the use of PSO. In Chapter 4, we present an innovative dynamic algorithm designed for
real-time systems, which achieves notable reductions in execution time and surpasses PSO
in dynamic scenarios. Chapter 5 delves into the use of RL methods, focusing on DQN and



PPO, to enable intelligent and adaptive task offloading. Finally, the last chapter wraps up
the thesis.



Chapter 2

Literature Review

2.1 Optimization and Performance Evaluation in VEC

One of the central challenges in task offloading within VEC lies in the highly dynamic
and time-constrained nature of vehicle connectivity. Vehicles typically remain within the
coverage area of an RSU for only a brief period. During this short time, they must offload
and receive responses for computation-intensive tasks. However, when multiple vehicles
attempt to offload tasks simultaneously, RSU can quickly become overwhelmed, resulting in
long queues of pending tasks. Many researchers explore solutions to tackle these challenges.
One promising approach is the use of optimization techniques that manage task offloading
decisions to balance workloads and minimize latency. One study focuses on optimizing the
E2E latency through improved decision-making policies for assigning tasks to MEC hosts.
Three task assignment strategies are evaluated: a static pre-defined mapping, a First-Fit
approach based on service availability, and a Best-Fit strategy that considers CPU resource
availability across MEC nodes. This work highlights the limitations of static orchestration
policies and advocates for future development of dynamic, mobility-aware algorithms [76].

Continuing the discussion on static optimization, a low-latency scheduling approach
tailored for dependent tasks in MEC-enabled 5G vehicular networks is proposed. Unlike
traditional methods that focus on independent tasks, their work addresses the more realis-
tic scenario of interdependent subtasks. They introduce a Priority-Based Task Scheduling
Algorithm (PBTSA), which first models tasks as a Directed Acyclic Graph (DAG), calcu-
lates subtask priorities using a Reverse Breadth-First Search (RBFS), and then performs
greedy offloading to minimize overall processing delay [97]. Besides binary offloading, which
assumes that each task is indivisible and must be executed either entirely locally or entirely



at the edge, one approach is partial ofloading, where a task can be split such that a portion
is processed locally while the remainder is offloaded to the edge server. In this context, a
study explores both schemes within MEC-enabled vehicular networks, formulating latency
minimization problems for each. They develop efficient algorithms by decomposing the
joint computation offloading and resource allocation problems into tractable subproblems
using convex optimization techniques. Their results show that partial offloading, due to
its flexibility in distributing computational workload, offers superior latency performance
compared to binary offloading [44].

Moreover, a joint optimization strategy that supports both full and partial task of-
floading based on current network conditions is proposed. Vehicles with limited computing
capacity and energy are considered. Their method jointly optimizes the offloading ratio
and transmit power, and introduces a channel gain threshold to determine whether full or
partial offloading is more efficient. They transform the original non-convex problem into
two convex sub-problems and solve them using conventional optimization techniques [75].

In a similar work, authors propose a joint optimization strategy that considers both user
mobility and inter-user task relevance, allowing for partial task offloading. They formulate
the problem as a mixed-integer program and solve it using an iterative algorithm based on
the one-time offloading principle. They also incorporate a mobility-aware delay constraint
to ensure reliable task execution. Simulation results show that their approach significantly
outperforms full local or full offloading strategies in terms of efficiency [37].

Another study on static optimization proposes a two-stage collaborative task offload-
ing strategy using static, pre-collected task and network information. In the first stage,
they use a task triage method based on urgency and criticality to make quick offload-
ing decisions for tasks with extreme characteristics. In the second stage, they model the
remaining task offloading problem as a multi-objective optimization problem and solve
it using Multi-Objective Hybrid Genetic Algorithm (MOHGA) enhanced by a Bayesian
Maximum Entropy (BME) framework [11].

One of the most well-known swarm intelligence algorithms widely used for solving com-
plex optimization problems is PSO. Due to its simplicity and effectiveness in handling
nonlinear and multidimensional problems, PSO is applied in various domains such as task
scheduling, resource management, and network optimization. Building on this, a PSO-
based algorithm called particle swarm optimization based task offloading and resource
allocation (PTORA) is proposed to jointly optimize offloading decisions and the alloca-
tion of computing and communication resources. By considering the heterogeneity of edge
resources and introducing a linear decrement strategy to enhance search performance,
PTORA achieves better results compared to traditional methods [56]. Following the previ-
ous work, a joint task offloading and resource allocation framework in a Software-Defined



Networking (SDN)-enabled VEC environment is deployed. They design a multi-objective
optimization model to minimize both processing delay and cost, considering the limited
computational resources of vehicles and edge servers. To solve this complex nonlinear prob-
lem, they develop a PSO-based algorithm called Particle swarm optimization-based Task
offloading and Resource allocation (PTR) that searches for Pareto-optimal solutions [100].

One key aspect of task offloading is the communication component. Since many ve-
hicles may attempt to connect to the same server simultaneously, efficient utilization of
communication resources becomes essential. Non-Orthogonal Multiple Access (NOMA)
enables multiple vehicles to transmit data concurrently over the same frequency band.
By applying a decoding method known as Successive Interference Cancellation (SIC), the
server can separate and process these overlapping signals, enhancing spectrum efficiency
and reducing task offloading delay. In a recent study, researchers propose an analytical
model for NOMA-assisted MEC in vehicular networks that considers vehicle mobility, in-
cluding speed and arrival rate. They derive expressions for average task offloading latency
and task loss probability, and validate their model through simulations. The results show
that task loss probability is primarily influenced by vehicle arrival rate and is largely un-
affected by average vehicle speed. This work emphasizes the need to account for mobility
when developing task offloading strategies in NOMA-based MEC environments [41].

One line of study in task ofHoading explores the use of nearby assistant vehicles to
help distribute computational tasks. Building on this idea, researches proposes a joint
Vehicle-to- Infrastructure (V2I)-Vehicle-to-Vehicle (V2V) offloading framework where au-
tonomous vehicles can offload tasks either to an RSU via V2I communication or to idle
neighboring vehicles via V2V links. This approach aims to minimize overall task latency
by balancing the computational load across available edge and vehicular resources. The
system intelligently selects the offloading destination based on factors such as channel con-
ditions, vehicle density, and resource availability, while also accounting for communication
impairments like Doppler spread due to high vehicle mobility [112].

Given the high mobility of vehicular networks, it is important to support dynamic
decision-making to ensure practical and efficient task execution. Building on this, a recent
study proposes Bee colony-based Task offloading in Vehicular edge computing (BTV),
which uses the Bee Colony algorithm to perform dynamic task scheduling and offloading.
Similar to PSO, the Bee Colony algorithm is a population-based metaheuristic inspired
by natural swarm intelligence. While PSO models the social behavior of bird flocks or
fish schools, the Bee Colony algorithm simulates the foraging behavior of honey bees to
explore and exploit the solution space. By incorporating contextual information such
as CPU availability, energy levels, communication quality, and task size, BTV aims to
minimize execution time and ensure reliability in real-time vehicular environments [18].
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Game theory is often used in task offloading to model the interactions among multi-
ple vehicles or devices that compete for limited edge computing resources. Each player
(vehicle) aims to maximize its own benefit, such as reducing delay or saving energy, by
choosing whether to offload a task or compute it locally. Game theory helps find a stable
solution where no player can improve its outcome by changing its decision alone; this is
known as a Nash Equilibrium. In a recent paper, the authors apply game theory to de-
sign a distributed task offloading strategy. Each vehicle independently decides whether to
offload its task or process it locally, based on its own delay and energy constraints. They
prove that the ofloading game reaches a Nash Equilibrium and integrate this with resource
allocation using the Lagrange multiplier method. This forms the core of their proposed
Mobility-Aware Computational Efficiency-Based Task Offloading and Resource Allocation
(MACTER) algorithm, which improves computation efficiency in dynamic vehicular net-
works [74].

Continuing with dynamic optimization, a Lyapunov-Based Profit Maximization (LBPM)
algorithm is deployed for independent task offloading in MEC-enabled 5G Internet of Ve-
hicles (IoV). Their method dynamically makes offloading decisions in each time slot using
the drift-plus-penalty framework of Lyapunov optimization. The goal is to maximize the
time-averaged profit of MEC providers while ensuring service-level agreements are met.
Tasks are assigned to MEC servers through a matching process solved by the Hungarian
algorithm. The approach supports variable task lengths and non-preemptive execution,
adapting to real-time system changes [82].

In task offloading for VEC, Mixed-Integer Nonlinear Programming (MINLP) is often
used to model complex decision-making problems. This is because offloading decisions
involve both discrete variables, such as whether to offload a task or which server to choose,
and continuous variables, such as CPU frequency and transmission power. MINLP allows
the combination of these decision types within a single optimization framework, but it is
also difficult to solve due to its non-convex and computationally intensive nature. In a
recent study, the authors use an MINLP model to jointly optimize task offloading and
service caching in a VEC system. They consider that each application consists of multiple
subtasks with dependencies, represented by a directed acyclic graph, and that edge servers
can cache certain executable services to improve efficiency. To manage the complexity of
the MINLP problem, the authors propose a semi-distributed algorithm called Dependency-
Aware Task Offloading and Service Caching (DTOSC). In this approach, each vehicle first
optimizes its local resource usage such as CPU frequency and transmission power and
calculates task priorities. Then, a centralized SDN controller uses this information to
make task offloading, scheduling, and caching decisions [78]. In task offloading, VEC-VEC
offloading refers to the horizontal transfer of tasks between nearby VEC servers. This
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is useful when one VEC server is overloaded while another nearby has spare resources.
VEC-cloud offloading, on the other hand, involves the vertical transfer of tasks from VEC
servers to the remote cloud. This is typically used when local edge resources are insufficient
to handle the computational load or when specific tasks require more powerful processing
capabilities. As a recent work, both VEC-VEC and VEC-cloud offloading are supported
through a cooperative framework. The authors design a hierarchical system where an
SDN controller coordinates resource allocation and offloading decisions. They propose the
BARGAIN-MATCH algorithm, which enables efficient task migration across edge servers
(VEC-VEC) and to the cloud (VEC-cloud) by using game theory and matching strategies.
This approach helps balance the workload, reduce delays, and improve overall system
performance [85].

Resource-aware decision-making in task offloading focuses on selecting where to offload
tasks based on the current availability of computing resources and network conditions. It
ensures that each task is handled by a node, either local or at the edge, that can meet its
latency requirements effectively. This approach often considers the dynamic state of the
system, such as server load, communication delay, and vehicle location, to make real-time
decisions that improve system performance. Following this idea, the paper applies resource-
aware decision-making by jointly optimizing task ofloading and resource allocation through
a priority-aware strategy. It introduces a variant grey wolf optimizer (VGWO) to efficiently
allocate MEC server resources and employs a Dynamic Task Offloading Strategy (DOS) to
determine where each task should be executed. The proposed approach prioritizes tasks
with stricter delay requirements and adapts offloading decisions to the current resource
availability across the network [96].

Greedy models in task offloading make quick, local decisions by selecting the best im-
mediate option, such as offloading a task to the server with the shortest processing time or
lowest current load. These methods are efficient and simple to implement but may lead to
suboptimal global performance since they ignore the long-term impact of decisions. Build-
ing on this, a proposed approach first applies a greedy strategy based on the Weighted
Shortest Processing Time (WSPT) rule to generate an initial offloading plan. Tasks with
higher delay sensitivity and shorter execution times are given priority. This initial solu-
tion is then refined using a combination of simulated annealing and heuristic rules. The
simulated annealing process helps escape local optima by accepting worse solutions with
a certain probability, while heuristics guide the selection of tasks and servers based on
their cost impact. The method jointly optimizes both task placement and execution order,
aiming to minimize delay and operational costs [32].

In contrast to static greedy approaches, a probabilistic task offloading model is designed
specifically for high-mobility vehicular networks. Their method introduces a three-tier
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architecture consisting of Vehicle Edge of Things (VEoTC), VEC, and Cloud Computing
(CC) to dynamically offload tasks based on connectivity, resource availability, and task
priority. Service Vehicles (SVs) equipped with computing resources act as mobile edge
nodes, allowing longer and more stable connections compared to stationary RSU. They
model the system using queueing theory and calculate offloading probabilities and E2E
delays for each computing layer. Real mobility data is used to estimate dwell time and
validate the advantages of mobile offloading, showing improved latency performance and
reduced handover penalties [35].

Building on the previous work, a recent paper proposes a mobility-aware multi-hop
task offloading scheme for VEC. Their approach leverages both one-hop and multi-hop
neighboring vehicles to maximize task execution opportunities in highly dynamic vehicu-
lar environments. They model the offloading problem as a utility minimization problem
balancing execution delay and economic cost. A semidefinite relaxation method coupled
with an adaptive adjustment algorithm is used to solve the optimization problem under
mobility and connectivity constraints. Simulation results show significant delay reductions
compared to baseline approaches, demonstrating the efficiency of utilizing underutilized
vehicle resources for edge computing tasks [48].

Another recent work investigates a Cybertwin-enabled multi-vehicle task offloading ar-
chitecture for MEC in 6G networks. This approach considers a hybrid energy-powered
MEC system where vehicles and edge servers share real-time status and task informa-
tion with macro Base Stations (BSs) to facilitate efficient resource allocation. The authors
formulate a stochastic optimization problem to minimize overall system cost. They decom-
pose the problem into sub-problems and propose an Multi-Vehicle Task Offloading (EMT)
algorithm based on Lyapunov optimization. This algorithm enables dynamic, real-time
task scheduling without requiring prior statistical information [13].

Building on this, a comprehensive framework named Partial computation Offloading
and adaptive Task Scheduling algorithm (POETS) is introduced for partial computation
offloading and adaptive task scheduling in 5G-enabled vehicular networks. In this approach,
vehicles offload part of their computation tasks to nearby MEC servers using NOMA-based
communication. The framework jointly optimizes channel allocation, offloading ratio, and
payoff strategies to maximize system-wide profit while ensuring individual rationality and
incentive compatibility. A two-sided matching algorithm is used for channel assignment,
convex optimization determines the optimal offloading ratio, and a non-cooperative game
models the payoff policy. Simulations with real-world taxi traces demonstrate notable
improvements in delay reduction and overall efficiency [68].

Similarly, an Adaptive Data Rate-based Offloading algorithm (ADRO) is proposed for
vehicular networks, which accounts for varying V2V communication rates due to vehicle
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mobility. The algorithm ensures that tasks meet their time constraints by selecting nearby
vehicles as computation resources when possible and allowing tasks to wait for resource
availability when necessary. Offloading decisions are prioritized based on the availability
of offloading vehicles and the urgency of the task. Simulation results based on real-world
vehicle traces show that the algorithm improves task scheduling efficiency compared to
baseline approaches [9].

These key contributions are outlined in Table 2.1, offering a comprehensive gap analysis
that contrasts this thesis with recent studies.

Table 2.1:  Assessment of our work in relation to existing research

Theoretical | Offloading

Paper Limit Mode

MTG Training KPI Algorithm

Offline | Online | AET | Latency | DTN

pre-defined
SimubG,

. . association,
[76] X Static OMNET+-+ - - X X First-Fit,

Best-Fit

PBTSA,
Probability-
[97] X Static Python - - X Based Location
Aware (PBLA),
TBTOA

Communication
Resource
[44] Static - - - X X Allocation,
Partial/Binary
Offloading

Full/Partial

[75] Static - - - X X Offloading

Combined
iterative
algorithm based
on the one-time
offloading, all
offloading
computing, all
local computing

[37] X Static - - - X X

(Table 2.1 continues on next page)
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Theoretical
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Offloading
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MTG

Training

KPI

Offline | Online

AET

Latency

DTN

Algorithm

(11]

Static

MATLAB

(RWGA), Grey

MOHGA,
Random
‘Weighting
Genetic
Algorithm

Entropy
Parallel
Analysis
(GEPAGA),
Fuzzy Relative
Entropy
Genetic
Algorithm
(FREGA),
Non-ominated
Sorting Genetic
Algorithm
(NSGA)-III,
Multi-Objective
Evolutionary
Algorithm
based on
Decomposition
(MOEA/D),
strength
Pareto-based
evolutionary
algorithm
(SPEA)-II

[56]

Static

PTORA, All
Edge
Computing
(AEC), All
Local
Computing
(ALC)

[100]

Static

PTR, AEC,
ALC

[41]

Static

Analytical
NOMA assisted
MEC model
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MEC for
Vehicle-to-
Everything

(MEC-V2X),
Local-fixed,
. Pure-MEC,
[112] X Static - - - X X MEC-Local,
V2Vrandom-
fixed, V2V-
optimal-fixed,
V2V-optimal-
exhausted

BTV, First In,
First Out
Simulation of (FIFO),
Urban Multidecision
[18] X Dynamic Mobility - Based
(SUMO), Offloading
ns-3 (MDO), greedy
task by task
(GTT)

Resource
Allocation and
Offloading
Strategy,
distributed
MACTER

[74] X Dynamic MATLAB - - X

LBPM,
[82] X Dynamic Python - CGTAS,
MGW, MSCPC
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DTN

Algorithm

(78]

Dynamic

DTOSC,
Priority and
Dependency-
Based DAG

Tasks

Offloading

(PDAGTO),
Task Offloading
based on Ant
Colony
Optimization
(TOACO),
Task Offloading
without Service
Cache
(TOWSC),
Task Offloading
without Task

Urgency

(TOWTU)

(85]

Dynamic

MATLAB

BARGAIN-
MATCH

[96]

Dynamic

VGWO, DOS,
Cuckoo Search
(CS), Whale
Optimization
Algorithm
(WOA), Grey
Wolf Optimizer
(GWO), Local
Offloading
Strategy (LOS),
Random MEC
Server for
Offloading
Strategy
(RMOS)
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Offloading
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Algorithm

(32]

Dynamic

SUMO, Veins

Joint Task
Offloading and
Scheduling
Algorithm
(JTOS),
Nearby
offloading
(NO), Node
select
optimization

(NSO)

(35]

Dynamic

Jupyter,
MATLAB

three-tier
dynamic
offloading
across VEoTC,
VEC, and
Cloud

(48]

Dynamic

Mobility-Aware
Multi-hop Task
Offloading
(MMTO),
Local
Processing
Algorithm
(APA),
Random Policy
Algorithm
(RPA),
MMTO-O,
RPA-O

(13]

Dynamic

MATLAB

EMT,
Lyapunov
Optimization-
Based Dynamic
Computation
Offloading
(LODCO),
Random
Allocation
Strategy
(RAS), Equal
Allocation
Strategy (EAS)
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Theoretical
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Offloading
Mode

MTG

Training

KPI

Offline

Online

AET

Latency

DTN

Algorithm

(68]

Dynamic

Python

POETS,
DTMS, IHRA,
MECO,
POETS
without NOMA
access (POETS
w.o. NOMA)

Dynamic

SUMO

ADRO, random
policy, greedy
policy

Ours

SUMO

FCFS, SDF,
Off-Sta-PSO,
On-Sta-PSO,
Online
Dynamic PSO
(On-Dyn-PSO),
On-Dyn-CDA,

DQN, PPO

* MTG: Mobility Trace Generator, KPI: Key Performance Indicator, AET: Algorithm Ezecution Time, DTR: Dropped
Tasks Ratio

2.2 ML and RL Approaches in VEC

ML has been widely adopted in MEC to enhance decision-making by enabling systems
to learn patterns from data and adapt to changing conditions. Among various ML ap-
proaches, RL stands out as particularly effective for task offloading in dynamic environ-
ments. RL learns optimal policies through interaction with the environment, making it
well-suited for VEC where network conditions and resource availability frequently change.
By modeling the offloading problem as a sequential decision-making task, RL can balance
trade-offs between delay and service reliability. Building on advantages of RL, a joint
offloading strategy is introduced for MEC-enabled vehicular networks that utilizes Feder-
ated Reinforcement Learning (FRL) and Adaptive Particle Swarm Optimization (APSO)
to minimize task delay. The method selects between local computing, V2V offloading to
nearby vehicles, or MEC-based RSU offloading based on task requirements and resource
availability. An adaptive PSO algorithm with crossover and shrinkage-expansion enhance-
ments improves convergence and search efficiency. Simulation results demonstrate that
this approach significantly reduces service time compared to existing methods such as
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FCFS, RMS, and fuzzy-based strategies [80]. Extending the prior work, a recent study
introduces a fully distributed task offloading (FDTO) framework for VEC, in which each
vehicle autonomously determines its offloading strategy using only local information from
nearby RSUs. This method tackles key challenges including rapid vehicle movement, con-
strained RSU resources, and the scalability demands of large vehicular networks. The
authors develop two vehicle-side algorithms: a simple greedy method (FDTO-VG) and a
convex optimization-based approach (FDTO-VX), and demonstrate that both converge to
the global optimum [53].

Furthermore, a dynamic offloading framework based on DRL is proposed for highly
mobile VEC environments. The method formulates task offloading as a cost minimization
problem, incorporating both delay and energy usage. Leveraging a Double Deep Q-network
(DDQN), the system learns optimal offloading decisions in real time, even under uncertain
and changing network conditions. A handover-enabled mechanism allows vehicles to up-
date their offloading strategy during movement, improving quality of service. Simulation
results show that this approach significantly outperforms traditional and existing RL-based
offloading strategies in terms of cost efficiency and adaptability [54].

Building on the effectiveness of deep RL for VEC, a graph-powered task offloading
framework is proposed that integrates Graph Convolutional Networks (GCNs) with DQNs.
The framework models the vehicular network as a graph and uses GCNs to enhance state
representation by capturing the structural and feature information of nodes. Task offload-
ing is formulated as a Markov Decision Process, allowing the agent to learn optimal server
selection policies across vehicles, edge servers, and cloud nodes. The reward function con-
siders delay constraints, offloading costs, and resource utilization. Simulation results show
that the proposed scheme significantly improves task acceptance rates, reduces task re-
jection, and achieves higher cost efficiency and resource utilization compared to heuristic
methods [87].

Extending this line of research, a DRL-based offloading framework called COADRL
is introduced to address stochastic task arrivals and time-varying channel conditions in
heterogeneous vehicular networks. Instead of relying on prior knowledge, the framework
employs a decentralized learning approach using Double DQNs with experience replay to
adaptively determine optimal task migration and resource allocation strategies. The model
incorporates channel state, execution delay, and bandwidth cost into its state and reward
formulations, enabling more effective decision-making under real-world constraints. Simu-
lation results confirm that COADRL achieves higher cumulative rewards and throughput
while reducing total system costs compared to several benchmark algorithms [5].

Following this, Mobility-aware dependent task offloading (MESON) is proposed as a
mobility-aware dependent task offloading scheme for urban VEC. It introduces a DRL-
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based framework utilizing the Deep Deterministic Policy Gradient (DDPG) algorithm to
optimize offloading decisions in the presence of task dependencies and dynamic vehicle
trajectories. To enhance decision accuracy and reduce action space complexity, MESON
integrates a mobility detection algorithm that predicts communication durations between
vehicles and RSUs. It also employs a task priority determination mechanism based on
multiple criteria to improve task scheduling efficiency [114].

Moreover, a RSU-assisted learning-based partial task offloading algorithm is proposed
to further address the challenges of dynamic network conditions in VEC. It enhances adapt-
ability by allowing vehicles to share learned information via RSUs, improving decision-
making in highly dynamic environments. Additionally, it supports partial task offloading
for parallel execution, further reducing task delay and improving performance compared
to traditional methods [43].

Furthermore, building upon the idea of learning-based adaptation to dynamic environ-
ments, this work adopts a Meta Reinforcement Learning (Meta-RL) framework to further
enhance generalization across diverse offloading scenarios. While the RSU-assisted ap-
proach leverages shared learning for improved decision-making, this method formulates the
offloading problem as a sequence-to-sequence task and utilizes a Bi-GRU with attention
to capture subtask dependencies. A model-agnostic meta-learning strategy enables rapid
adaptation to new task and network conditions with minimal retraining. This approach
achieves lower execution delays and improved scalability in multi-task VEC [16].

Building on this, a fusion of model-driven and data-driven intelligence is introduced
to further enhance offloading efficiency in dynamic urban vehicular environments. This
method constructs detailed models for task queues, communication, computation, and cost,
enabling precise representation of system dynamics. By formulating the offloading problem
as a Markov Decision Process, it employs a multi-agent proximal policy optimization al-
gorithm with a centralized training and decentralized execution framework. Convolutional
neural networks are used to extract relevant features from complex state information, al-
lowing agents to make informed task and target selection decisions. This approach achieves
improved task completion latency and system utility, complementing meta-learning strate-
gies by providing robust performance in large-scale, real-time settings [34].

In another work, researchers propose a distributed DRL approach that further enhances
offloading efficiency by explicitly addressing subtask dependencies in vehicular edge net-
works. Their method models task structures as directed acyclic graphs (DAGs) and in-
troduces a priority-based scheduling mechanism to preserve execution order. To tackle
privacy constraints and reduce reliance on global information, they formulate the offload-
ing problem as a partially observable Markov decision process and design a Optimized
Distributed Computation Offloading (ODCO) scheme. The use of Convolutional Neural
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Network (CNN)s and transformers enables each vehicle to make effective decisions based
on local and historical information. This approach complements prior work by enabling
dependency-aware, privacy-preserving offloading decisions with improved system utility
and convergence speed in multi-agent scenarios [46].

Extending the previous work on dependency-aware and privacy-preserving offloading,
another study introduces a multilayer DRL framework tailored for cloud—edge—end col-
laborative offloading in vehicular edge networks. This approach incorporates a realistic
queue-based model to manage multislot tasks and addresses the joint optimization of of-
floading, scheduling, and resource allocation. By decoupling decisions across three layers:
offloading (via D3QN), scheduling with transmission power control (via PDQN), and re-
source allocation (via convex optimization), it enables vehicles to make asynchronous,
online decisions that respond to dynamic network states. This complements earlier efforts
by enhancing scalability and responsiveness in complex multi-agent environments [99].

Building on the previous efforts, a recent study proposes a Generative Adversarial
Network (GAN)-based federated optimization framework named Mobile Edge Comput-
ing Assisted Task Offloading using Generative Adversarial Network (MEGAN) to address
vehicular task offloading challenges in 5G/6G-enabled MEC. Tt integrates task represen-
tation learning with federated distillation learning to optimize task classification, energy
consumption, and system throughput while preserving user data privacy. GAN is em-
ployed to generate balanced and diverse task datasets, mitigating overfitting and data
imbalance. The framework uses semi-supervised learning and federated model updates be-
tween edge servers and vehicles for efficient and privacy-preserving task processing. Exper-
imental results demonstrate that MEGAN outperforms existing methods in classification
accuracy, energy efficiency, and failure rate under various task loads and network stress
conditions [98].

Another recent study applies DRL to the task offloading problem in multi-access edge
computing environments. The authors design and compare tabular Q-learning and deep
Q-learning methods to optimize task offloading decisions based on parameters such as task
size, complexity, and timeout. The deep learning-based approach uses neural networks
and experience replay to manage large state spaces more effectively than tabular methods.
Experimental results show that deep Q-learning achieves lower task drop rates, reduced
latency, and improved energy efficiency, demonstrating its superiority in dynamic edge
computing scenarios [52].

Building on the previous work, another study addresses the task offloading problem in
multi-server multi-access edge vehicular networks by proposing a DDQN-based approach.
Similar to the deep QQ-learning method, this approach uses RL to handle large and dynamic
state spaces, but extends it by incorporating a two-stage decision process. The first stage
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makes offloading decisions based on mobility patterns and task priority, while the second
stage schedules offloading requests using a DDQN algorithm to optimize server resource
utilization. Experimental results confirm that this method achieves higher task completion
for important tasks and maintains stable performance in highly dynamic environments,
improving upon conventional DQN and heuristic methods [93].

Extending this line of research, a Meta-RL-based approach is introduced to further
enhance adaptability and efficiency in dynamic VEC environments. Similar to previous
methods that leverage RL for offloading decisions, this approach models applications as
DAGs to capture task dependencies. It employs recurrent neural networks to learn and
adapt offloading strategies across varying scenarios. By incorporating a meta-policy frame-
work, it enables rapid policy updates and generalization across diverse tasks. Experimental
results demonstrate improved performance in both latency and energy consumption, show-
ing clear advantages over conventional algorithms such as Greedy and PPO [116].

Building on the prior work, authors in a related work propose a joint service caching
and computation offloading scheme tailored for VEC systems. They formulate the problem
as a MINLP model to minimize average task processing delay, considering dynamic task
requests and constrained edge resources. To solve this complex problem efficiently, they
develop a DRL approach based on the DDPG algorithm. This enables adaptive decision-
making on caching and offloading strategies. Simulation results show that their method
significantly reduces delay and energy consumption compared to existing benchmarks [102].

Another related work introduces a delay-aware task offloading scheme for VEC that
leverages sojourn time-based routing. The authors model the offloading problem as a
Markov Decision Process and propose an Asynchronous Advantage Actor-Critic (A3C)-
based DRL algorithm to optimize offloading decisions across vehicle-to-vehicle and vehicle-
to-infrastructure links. Their approach supports partial task offloading and accounts for
vehicle mobility and communication constraints. Simulation results confirm that their
method significantly reduces system latency compared to other benchmark algorithms
[108].

A further line of research proposes a Distributed Intelligent Task Offloading and Work-
load Balance (DIOW) framework for large-scale VEC systems. The framework considers
both task offloading decisions from task vehicles and workload balancing among BSs. It
aims to minimize system delay while satisfying energy consumption constraints. To solve
the optimization problems involved, the authors adopt a Multi-Agent Deep Determinis-
tic Policy Gradien (MADDPG) algorithm. Simulation results show that their method
effectively reduces system delay and energy deficit compared to baseline approaches [50].

A related approach introduces a Vehicular Edge-Cloud Computing (VECC) framework
to handle delay-sensitive task offloading by utilizing both edge and cloud resources. The
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authors formulate the offloading problem as a Markov Decision Process and develop two
RL algorithms: Advantage-Oriented Dueling Actor-Insulator Network (AODAI), a value-
based method using a dueling actor-insulator network, and Actor—Critic Task Offloading
(ACTO-n), a policy-based actor—critic scheme. These methods aim to minimize the time
that task execution exceeds its quality threshold. Experimental results on real-world bus
trajectory data show that their approach outperforms existing RL-based and greedy strate-
gies, reducing tolerance time by at least 8.81% compared to other RL algorithms [7].

As a continuation of this effort, a related study proposes a collaborative task offloading
approach that integrates local processing, MEC, and Vehicular Cloud (VC) strategies.
The authors construct a dynamic vehicular cloud by clustering nearby vehicles with idle
computing resources using a K-means algorithm. They select a VC leader to manage task
distribution among cluster members. To optimize ofoading decisions, they formulate a
delay and energy minimization problem and solve it using Nelder-Mead and Differential
Evolution algorithms. This method allows tasks to be processed locally, ofloaded to nearby
MEC servers, or distributed within the VC, depending on current network and resource
conditions [83].

Another method adopts a federated RL approach to optimize task offloading in edge
computing environments. The authors model the problem as a Markov Decision Process
and propose Federated Learning-Twin Delayed Deep Deterministic Policy Gradient (FL-
TD3), a novel algorithm that integrates Federated Learning with the Twin Delayed Deep
Deterministic Policy Gradient (TD3) framework. This method enables distributed train-
ing across edge nodes, improving convergence speed and model stability while handling
high-dimensional state-action spaces. The experimental results show that FL-TD3 outper-
forms conventional RL methods like TD3 and DDPG, achieving lower latency and energy
consumption in vehicular edge scenarios [12].

Building on this line of work, another study proposes an intelligent task offloading
scheme that integrates an improved Soft Actor-Critic (SAC) algorithm to reduce latency
in VEC environments. The approach leverages task divisibility to minimize interruption
by distributing subtasks across multiple edge nodes based on vehicle mobility, location,
and resource availability. To enhance the SAC algorithm, the method introduces a dual
experience replay mechanism and a value-difference based exploration strategy, improving
both sample efficiency and exploration capability. Results demonstrate significant latency
reduction and faster convergence compared to baseline methods like Q-learning and DQN,
thus extending prior efforts in RL-based offloading with improved robustness and respon-
siveness [101].

Continuing from the previous work, another approach addresses the challenges of non-
stationary and heterogeneous VEC environments by formulating the task offloading prob-
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lem using online and off-policy learning methods based on multi-armed bandit theory. This
method focuses on dynamic network and BSs selection by predicting latency through his-
torical offloading data, enabling vehicles to adapt to fluctuating traffic loads. It models
network dynamics with a piece-wise stationary process and incorporates a change-point
detection mechanism to optimize network selection over time. Furthermore, it includes
a relaying mechanism based on sojourn time to reduce task loss due to vehicle mobility.
These contributions extend RL-based offloading strategies by incorporating non-stationary
adaptation, historical learning, and mobility-aware relaying mechanisms for improved la-
tency reduction and task reliability [8].

Building upon the prior work, a recent approach proposes a multi-vehicle-assisted MEC
system that leverages both vehicle-mounted and RSU-based computing resources. It ap-
plies an Actor-Critic DRL framework to dynamically decide task execution locations be-
tween vehicles and RSUs, aiming to minimize total system cost, which includes both delay
and energy consumption. The method models the environment as a Markov Decision
Process and uses continuous action spaces to improve flexibility and learning efficiency.
Compared to traditional DQN approaches, this solution accelerates convergence, enhances
task offloading performance, and achieves lower system costs, thereby extending learning-
based offloading strategies with finer-grained decision-making and cooperative vehicle as-
sistance [89)].

Extending this work, another method introduces a frame-based dynamic offloading
scheme tailored for sequential subtasks in vehicular environments. It addresses the limita-
tions of slot-based models by enabling immediate decision-making upon subtask generation,
thereby reducing unnecessary delays. This approach formulates offloading as a Markov De-
cision Process and applies a DDQN to capture the sequential dependencies between sub-
tasks. By allowing offloading decisions to span multiple RSUs and leveraging fine-grained
subtask segmentation, it enhances flexibility in resource allocation under varying vehicle
mobility and congestion levels. Experimental results confirm that this method significantly
improves delay, transmission time, and waiting time compared to both traditional greedy
algorithms and standard DRL-based models [86].

Continuing from the previous work, another approach presents a cooperative com-
putational offloading strategy using a model-based DNN tailored for MEC in vehicular
networks. It enhances service reliability and reduces delay by enabling smart task divi-
sion and parallel processing between multiple RSUs. This method offloads computational
tasks from vehicles to RSUs, which then cooperate by sharing subtasks to be processed in
parallel, depending on the vehicle’s trajectory and network conditions. A DNN is trained
to optimize decisions related to offloading, task division, processing, and routing, ensuring
minimal service delay even under high mobility. Unlike previous DRL-based methods, this
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model focuses on centralized, data-driven decision-making and utilizes intelligent routing
to guarantee result delivery, thereby addressing mobility-induced failures and achieving
superior performance in terms of delay and reliability [65].

Building on the previous work, a complementary approach introduces a distributed
clustering-based cooperative VEC framework to support real-time task offloading. It ad-
dresses the challenges of limited computing resources and uncertain task requirements by
dynamically grouping vehicles into cooperative clusters based on their available computa-
tion power, connection duration, and task deadline distributions. Each cluster operates as
a mobile edge server, coordinated by a head vehicle selected through a contribution-based
metric. The system formulates the offloading decision as a ”Less than or Equal to” Gener-
alized Assignment Problem (LEGAP), and solves it using both an offline bound-and-bound
optimal algorithm and an online heuristic method. This approach effectively balances long-
term optimization with real-time adaptability, and achieves improved service revenue and
service ratio compared to existing online strategies, particularly under dynamic traffic and
mobility conditions [92].

Extending the prior approach, a complementary method introduces a trust-aware VEC
framework that incorporates both V2V and V2I communication modes to enhance the
flexibility and security of task offloading. To cope with the risks posed by malicious nodes
and dynamic vehicular environments, it employs a recommendation-based trust model that
combines direct and indirect trust metrics for evaluating node credibility. Task offloading is
then optimized using a DDPG RL algorithm, which jointly minimizes delay and maximizes
trustworthiness. This method effectively adapts to environmental changes and improves
overall offloading efficiency compared to traditional and game theory-based approaches

[109).

As a continuation of these efforts, this thesis builds upon the foundational concepts
established in previous research while addressing several important aspects that are often
missing in the existing literature. Unlike prior works, which typically focus on a limited
set of challenges, this thesis adopts a more comprehensive approach. It takes into account
the number of dropped tasks to evaluate system reliability, compares the proposed model
with a theoretical upper bound to assess how close it comes to optimal performance,
and implements bandwidth sharing to represent realistic network behavior. In addition,
the work covers both static and dynamic offloading strategies, making it suitable for a
wider range of vehicular scenarios. It also evaluates optimization techniques in dynamic
environments where mobility and communication conditions frequently change. To ensure
practical applicability, the actual execution times of the proposed algorithms are reported.
While some of these aspects have been studied individually in earlier research, not all prior
works have addressed them together in a unified framework.
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These distinctions and contributions are summarized in Table 2.2, which provides a
detailed gap analysis comparing this study with recent approaches.

Table 2.2: Assessment of our work in relation to existing research

Paper

Theoretical
Limit

Offloading
Mode

MTG

Training

KPI

Offline

Online

AET

Latency

DTN

Algorithm

(80]

Dynamic

FRL + APSO,
DTA DP,
Fuzzy, RMS,
FCFS

(53]

Dynamic

Python

FDTO-VG,
FDTO-VX,
FDTO-S,
FDTO-V,
FDTO-VG,
FDTO-VX,
Centralized
Task Offloading
(CTO)-DO,
CTO-EO,
Noncooperative
Game based
Task Offloading
(NGTO),
Multi-armed
Bandit (MAB)

[54]

Dynamic

Python

DDQN,
Adaptive
Learning-Based
Task Offloading
(ALTO),
Upper-
Confidence-
Bound (UCB),
Adaptive
Upper-
Confidence-
Bound
(AdaUCB)
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Paper

Theoretical
Limit

Offloading
Mode

MTG

Training

KPI

Offline | Online

AET

Latency

DTN

Algorithm

(87]

Dynamic

Python

Graph-powered
Reinforcement
Learning for
Vehicular Task
Offloading
(GRLVTO),
prioritizing
high-resource-
demand tasks,
pbest match
server

Dynamic

SUMO,
OMNet++

COADRL,
Heuristic
Greedy
Offloading
Scheme
(HGOS), Task
Outsourcing
Only (TOSO),
Task
Outsourcing
Then
Relocation
(TOSM), Task
Native
Processing
(TNP)

[114]

Dynamic

SUMO

MESON, Local,
Greedy,
Q-Learning,
SA-DQN, MGA

[43]

Dynamic

MATLAB

RSU-assisted
Learning-Based
Task Offloading

Algorithm

(RALPTO),

UCB, volatile
UCB (VUCB),

genie-aided
policy, random
policy
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Theoretical | Offloading MTG Training KPI Algorithm

Paper Limit Mode

Offline | Online | AET | Latency | DTN

Python, Squ%qu; based

Directed Reinfo:c:ment

. Acyclic .

[16] X Dynamic Graph v - v v X Learning
(SMRL-MTO),

Generator
PPO, DQN,
(DAGGEN) Greedy

Multi-Agent
Proximal Policy
Optimization-
Based Task and
Target
Selection
Algorithm
(MAPPO-

[34] X Dynamic Python v - X v X TTSA),
DDQN, PPO,
MEC Server
Execution
(ME), Local
Execution
(LE), Random
Offloading
(RO)

ODCO,
Actor-Critic
Algorithm
(AC), DQN,
Distributed
Earliest-Finish
Time
Offloading
(DEFO),
random
offloading

[46] X Dynamic Python v - v/ v/ X
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Paper

Theoretical
Limit

Offloading
Mode

MTG

Training

KPI

Offline

Online

AET

Latency

DTN

Algorithm

[99]

Dynamic

Multi-Layer
D3QN and
PDQN-Based
Algorithm
(MLDPBA),
Multi-Layer
D3QN-Based
Algorithm
(MLDBA),
Single-Layer
Deep-Based
Algorithm
(SLDBA),
GBA, Random
Based
Algorithm
(RBA), Local
Based
Algorithm
(LBA)

(98]

Dynamic

MATLAB

MEGAN,
MCSS,
COMA-based

[52]

Dynamic

Tabular SORL,
Deep SORL

(93]

Dynamic

R-DDQN,
DQN,
Mathematical
Calculation

[116]

Dynamic

Python

Meta-Policy
based Task
Offloading
(MPTO),
Greedy, Only
Local, Only
MEC, PPO
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Algorithm

Paper

Theoretical

Limit

Offloading
Mode

MTG

Training

KPI

Offline | Online

AET

Latency

DTN

DDPG-based

[102]

Dynamic

Python

edge caching
and offloading,
Random edge

Executing all

caching and
offloading,

tasks in the
cloud, Least
recently used
(LRU) edge
caching and
offloading,
Offloading
without edge
caching

A3C, Random,

[108]

Dynamic

DQN,
Actor-Critic
(A20)

DIOW,

[50]

Dynamic

Delay-Greedy
Optimization
(DGO), No BS
Peer Offloading
(NoBP)

AODAI,

[7]

Dynamic

ACTO-n, DQN,
State Action
Reward State
Action
(SARSA),
Double DQN,
Dueling DQN,
Shortest
Latency (SL),
Shortest
Tolerance Time
(ST),
Reinforce-based
approach (Rf-n)

K-means,

(83]

Dynamic

Differential
Evolution (DE),
Nelder-Mead

(NM)
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Paper

Theoretical
Limit

Offloading
Mode

MTG Training KPI Algorithm

Offline | Online | AET | Latency | DTN

(12]

Dynamic

FL-TD3, TD3,

- v - X 4 X DDPG

[101]

Dynamic

Improved SAC,
Python v - v v X DQN,
Q-learning

Dynamic

Sliding-Window
UCB
(SW-UCB),

- v v X v v UCB,
E-Greedy,
Random, TOD,
Off-Policy

(89]

Dynamic

Actor-Critic,

Python v - X v X DQN

(86]

Dynamic

Dynamic
Framing
Offloading
(DFO)-DDQN,
DFO-DQN,
DFO-Dueling
DQN, Task
Segmentation
(Seg)-Greedy,
Noseg-Greedy

[65]

Dynamic

Model-Based
DNN, Without
DNN, Greedy,
Always-
Migrate,
Random

MATLAB v - X v v

[92]

Static &
Dynamic

Bound-and-
Bound based
Optimal
(BBO),
Heuristic,
Revenue_First,
DRL, Random,
Revenue-to-
Cost
(R2C)_First

Python v - X 4 v

(Table 2.2 continues on next page)

32




Paper

Theoretical

Limit

Offloading
Mode

MTG

Training

KPI

Offline | Online

AET

Latency

DTN

Algorithm

Enumeration,

[109]

Dynamic

SUMO

Deep
Deterministic
Policy
Gradient-based
Task Offloading
Algorithm
(DDPGTO),
Game
theory-based,
DDPGTO
without V2V,
Local execution

Ours

SUMO

FCFS, SDF,
Off-Sta-PSO,
On-Sta-PSO,
On-Dyn-PSO,
On-Dyn-CDA,
DQN, PPO

Tasks Ratio
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Chapter 3

A Reliable and Efficient 5G
Vehicular MEC: Guaranteed Task
Completion with Minimal Latency

This chapter explores the advancement of VEC as a tailored application of MEC for the
automotive industry, addressing the rising demand for real-time processing in Connected
and Autonomous Vehicles (CAVs). VEC brings computational resources closer to vehicles,
reducing data processing delays crucial for safety-critical applications such as autonomous
driving and intelligent traffic management. However, the challenge lies in managing the
high and dynamic task load generated by vehicles’ data streams. We focus on enhancing
task offloading and scheduling techniques to optimize computation latency in VEC net-
works. Our approach involves implementing task scheduling techniques, including FCF'S,
SDF, and PSO. Additionally, we divide portions of tasks between the MEC servers and
vehicles to reduce the number of dropped tasks and improve real-time adaptability. This
chapter also compares fixed and shared bandwidth scenarios to manage transmission effi-
ciency under varying loads. Our findings indicate that MEC+Local scenario significantly
outperforms MEC-only scenario by ensuring the completion of all tasks, resulting in a zero
task drop ratio. The MEC-only scenario demonstrates approximately 5.65% better average
E2E latency compared to the MEC+Local scenario when handling 200 tasks. However,
this improvement comes at the cost of dropping a significant number of tasks (109 out
of 200). Additionally, allocating shared bandwidth helps to slightly decrease transmission
waiting time compared to using fixed bandwidth.
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3.1 Introduction

MEC has gained increasing importance in today’s technology landscape, where the num-
ber of connected devices continues to grow. By bringing computational power closer to
where data is generated, MEC minimizes the need to send information to distant cloud
servers, reducing data processing delays [23]. Building on MEC’s benefits, VEC tailors
this concept specifically for the automotive and transportation industries. VEC brings
processing capabilities closer to vehicles, enabling faster handling of data from sensors
and communication systems in connected vehicles [110]. This edge-based processing is
crucial for applications like autonomous driving, where real-time decision-making is vital
for safety [49]. By providing essential computing resources at the network’s edge, VEC
ensures that connected vehicles operate more safely, efficiently, and reliably within today’s
transportation networks [114]. Vehicles continuously send data that require fast process-
ing, which can overwhelm edge servers and cause communication and processing delays [6].
Inadequate task management may result in task drops by servers; however, optimizing the
task queue can alleviate these delays by establishing the most efficient processing sequence.

MECH+Local approach also improves the efficiency of the VEC by dividing tasks between
the MEC servers and the vehicles themselves [33]. This approach leverages computing
resources at both the edge and in vehicles to reduce processing time and improve flexibility.
This balanced approach reduces task drops and ensures that VEC systems handle the
workload effectively. The goal is to offload as many tasks as possible to the VEC servers
without overwhelming them, which could result in some tasks not being processed on time.
By balancing local and edge processing, MEC+Local approach reduces communication
and computation delays, increasing the number of tasks that are completed on time. This
approach enhances system efficiency, supporting the advancement of sophisticated VEC
applications designed to meet the needs of modern transportation [25] [115]. The main
contributions of this work are as follows:

1. Our scenario includes strict deadlines based on RSU coverage and large tasks, offering
a more accurate assessment of network performance under high-stress conditions.

2. Simultaneous tasks can share channels for uplink and downlink, thereby reducing
transmission waiting times.

3. By tracking and analyzing dropped tasks within the RSU, the system dynamically
adjusts parameters to reduce task loss and optimize resource use.

Section II presents the literature review, Section III the system model, Section IV the
performance analysis, and Section V the conclusion.

35



3.2 Related Work

Recent studies have introduced a variety of strategies to improve task offloading in MEC
for vehicular networks. Li et al. [39] investigate task offloading using DRL within MEC-
supported heterogeneous vehicular networks, utilizing both V2I and V2V communications.
They aim to maximize computation rates using serial and parallel offloading schemes.
However, their study mainly focuses on computation optimization, with limited emphasis
on communication resource management, potentially causing bottlenecks in high-load envi-
ronments. Moreover, their model lacks scalable MEC+Local MEC+Local approach and ef-
fective dropped task management, which are crucial for high-demand, time-sensitive appli-
cations. Similarly, in another study, the authors propose a MEC model assisted by NOMA
that emphasizes computation resource management in mobility-aware networks [41]. By
considering vehicle speeds and task arrival rates, they work to optimize task offloading
performance. Although they employ NOMA for channel sharing, their model’s scalability
is limited, assuming a fixed setup where each subchannel is shared by only two vehicles.
Additionally, the model does not address task partitioning or advanced communication
strategies that could adapt to varying traffic conditions.

Another study presents a DRL-based collaborative framework for vehicular networks,
using DDPG techniques to improve task offloading and reduce service delays by distributing
tasks in parallel [42]. Despite this model’s adaptability to dynamic vehicular environments,
it still lacks flexible communication resource allocation and options for local processing,
which could enhance its adaptability and decrease delays in constrained network scenarios.
Building on previous work, Moon and Lim [59] propose a framework that focuses on task
partitioning and migration across MEC servers to improve load balancing. Their model
effectively reduces task delays by migrating tasks from overloaded servers to those with
lighter loads; however, it still lacks a flexible approach to communication resource manage-
ment. Similar to [42], it does not consider the potential for local processing within vehicles,
which could provide added flexibility when MEC resources are under strain.

Further research on MEC optimization explores joint computation offloading and re-
source allocation, incorporating partial and MEC-only offloading schemes to reduce la-
tency [44]. While task partitioning proves beneficial for latency reduction, the model’s
dependence on Orthogonal Frequency-Division Multiple Access (OFDMA) restricts com-
munication flexibility and does not include management of the number of dropped tasks.
Expanding upon previous studies, a joint optimization framework is presented that ad-
dresses offloading, resource allocation, and data caching with the goal of minimizing pro-
cessing costs [17]. Utilizing a Binary PSO algorithm, they target tasks that need both
computation and data caching. Nonetheless, the model does not include dynamic channel
sharing or number of dropped tasks considerations.
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To address these existing limitations, we aim to develop a more realistic simulation that
models scenarios with strict deadlines and large task sizes. In addition to optimizing com-
putation, we enhance communication processes for both uplink and downlink, considering
the impact of dropped tasks to enhance the overall performance. For the communica-
tion aspect, we manage bandwidth sharing by enabling tasks that arrive simultaneously
within the RSU range to share bandwidth during uplink, as well as for tasks that are ready
for parallel downlink. This approach aims to reduce transmission waiting time, thereby
improving efficiency across the network.

3.3 System Model

This section provides an overview of the offloading schemes, including the applied methods
and the mathematical formulation of the problem.

3.3.1 The Offloading Schemes

We explore scheduling algorithms including FCFS, SDF| and a heuristic approach, PSO.
FCFS processes tasks strictly by arrival order, offering simplicity and predictability but
ignoring task deadlines [60]. This can delay time-sensitive tasks and lead to inefficiencies,
increased latency, and task drops, especially under heavy traffic. The SDF scheduling
method prioritizes tasks based on deadlines, with shorter deadlines processed first. Dead-
lines depend on the distance between vehicles and the RSU, allowing tasks with less re-
maining time to be prioritized and reducing dropped tasks. However, SDF can delay tasks
with longer deadlines, especially in high-traffic situations.

Our optimization approach includes both MEC-only and MEC+Local approaches. In
the MEC-only method, the entire task is offloaded to a MEC server, whereas MEC+Local
approach divides the task such that some components are processed remotely while others
are handled locally on the vehicle. This approach is beneficial when a significant number of
tasks are dropped in the MEC-only scenario. Based on Figure 5.1, the offloading scenario
is simulated using SUMO. In this simulation, vehicles offload computationally intensive
tasks to the RSU when they enter its communication range. Task deadlines are defined by
the duration that vehicles remain within the RSU’s coverage. Based on decisions made by
the PSO algorithm, tasks are partitioned, with some portions offloaded to the RSU and
the remainder processed locally.

PSO determines the optimal queue position for each task and assigns it to the most
suitable MEC server. The algorithm focuses on minimizing overall latency and reducing
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Figure 3.1: Problem statement for MEC+Local and MEC-only scenarios in 5G Vehicular
MEC

the number of dropped tasks by evaluating factors such as task deadlines and server avail-
ability. Based on PSO decisions, portions of tasks that cannot be processed and returned
to the vehicle before it leaves the RSU’s range are either processed locally in MEC+Local
approach or dropped in MEC-only scenario. This decision-making process takes place at
the RSU. The communication latency includes both the time taken to send tasks from the
vehicles to the RSU, and the time taken for the vehicles to receive results from the RSU.
Moreover, we consider two scenarios for bandwidth allocation. In the first scenario, all
tasks have a fixed maximum bandwidth, so only one task is offloaded at any given time.
In the second scenario, when multiple vehicles arrive within the RSU range with tasks to
be offloaded, those tasks are offloaded simultaneously by sharing the available bandwidth.
These approaches are also considered in the downlink phase, where results are transmitted
back to vehicles from the MEC servers.
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Table 3.1: Notation Table

Param. | Description
L Communication latency for task i
rem Communication time for task ¢
wt uplink waiting time for task ¢
wd downlink Waiting time for task ¢
S; Size of task ¢
T Transmission rate for task ¢
B; Bandwidth of task 4
P Transmission power
g Channel power gain
no Noise power
t Arrival time of task 7 on the RSU
£ Arrival time of task 7 to the vehicle
t; The time at which task ¢ is ready to be offloaded
to the RSU
tr The time at which task ¢ is finished processing and
ready to be sent back to its vehicle
P Start processing time for task ¢
Brax Maximum bandwidth
L? Remote computation latency for task ¢
17 Remote computation time for task i
T Local computation time for task i
wp Remote computation waiting time for task :
Total number of tasks
! Number of tasks that arrive at the same time
at RSU range or finish processing on each MEC
server simultaneously
m Total number of MEC servers

(Table 3.1 continues on next page)

39




Tij Binary decision variable for assigning task 7 to
MEC j

T;*"%° | Remaining time in the RSU range for task ¢

3.3.2 Problem Formulation

All mathematical notations are provided in Table 3.1. As illustrated in Figure 3.1, the
E2E latency is the sum of communication, remote computation, and local computation
latencies. The total communication latency is formulated in (3.1). Since the transmission
time, 7™, is identical for both uplink and downlink, given that the task output sizes are
assumed to match their input sizes, 7™ is multiplied by 2 to account for both directions.
7™ is formulated in (3.2), with transmission rate, r;, defined in (3.3).

L™ =2 x T 4+ WP+ We (3.1)
S.

Tom — 3.2

; - (3.2)

uplink waiting time, W}, is formulated in (3.4), which represents the time each task

spends waiting in a vehicle until bandwidth is available.

r; = B - log, (1 + M) (3.3)

N

Wh=t, -t (3.4)

In scenarios where a vehicle enters the coverage area while a prior task is still being
transmitted to the RSU, it must wait until the bandwidth is totally available. However,
if a task is the first to be offloaded or is ready after the previous task has fully arrived,
W is zero. Furthermore, we consider downlink waiting time, W¢, for each MEC server
when transmitting results back to the vehicles. As formulated in (3.5), if a task completes
processing before the prior task has been fully delivered to the vehicle, it must wait until
the bandwidth is available.

/

W=t —# (3.5)

3 K3
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Similar to W}, if a task is the first one or becomes ready to be sent back to the

vehicle after the previous task has fully arrived at its vehicle, W2 is set to zero. In the
fixed bandwidth scenario, we also consider the potential waiting time in conditions where
tasks complete simultaneously on both servers. In such cases, one of the MEC servers
experiences an additional delay of W<, determined by the task on the other MEC server.
In the fixed bandwidth scenario, a maximum bandwidth is allocated to all tasks during
both uplink and downlink, while the shared bandwidth approach allows the bandwidth
to be distributed among the tasks. According to (3.6), in the shared bandwidth scenario,
for both uplink and downlink, tasks that enter the RSU range simultaneously, as well as
those completed at the same time on both MEC servers, will share the available bandwidth
and be transmitted concurrently. Whereas, other tasks utilize the maximum bandwidth as

shown in (3.6).

Biax - 3 n >1
BZ. = i=15i (36)
B

[
max n' =1

where n/ represents the number of tasks that either arrive simultaneously within the RSU
range or are completed simultaneously on the MEC servers. Since there are only two MEC
servers, n' is equal to 2 for the downlink process.

This set of simultaneous tasks is represented as:
N ={i=1...7|T=T} (3.7)
where 77 indicates the offloading time at which task ¢ is ready for transmission, whereas
T corresponds to the moment when every task in A/ becomes ready for offloading.

It is notable that tasks in each MEC server are completed sequentially, meaning that,
in both scenarios, only one task from each MEC server utilizes the bandwidth at any given
time. The computation latency for remote processing is represented as:

sz - CZ‘;P + W,L'p
WP = £ — 12

(2

Remote computation time, 77, and local computation time, Tipl, for each task are deter-
mined based on remote and local inference times from [91]. The formula for computation
waiting time, W is provided in (3.9).

The start processing time of the first and second tasks aligns with their arrival time at
the RSU. This is because they are assigned to MEC servers as soon as they arrive. The
start processing time, ¢;", is calculated as:
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£ = £F, 4 TP, (3.10)

)

Where for subsequent tasks after the first and second tasks, their start processing time,
t:¥ is the sum of their previous task’s start processing time, ¢;”; and processing time, T ;.
Our objective is to reduce both the total E2E latency and the number of dropped tasks,
as illustrated in (3.11). Our main focus is to first reduce the number of dropped tasks and
then minimize the E2E latency of the remaining ones.

min (A(i iLfZe x z;) + (1 — A)D) (3.11)

Where X is the weight for E2E latency, while 1 — X represents the weight for the number
of dropped tasks. L$* and D are defined as:

L§2e =, (Lfm + Lf) + (1 — pz.) . P! (3.12)

)

D = %Xn:@ - zm::cj) (3.13)

x;; is indicated as:

(3.14)

1 if task 7 is assigned to MEC j
A 0 otherwise
Also, p; represents the fraction of a task that is offloaded to a MEC server, while (1—p;)
denotes the portions processed locally. In MEC-only offloading, p; is set to 1, indicating
that the entire task is offloaded with no local processing. Our PSO algorithm designates
p; along with task indices, specifying their processing order. For MEC+Local scenario, we
have z;;=1 and 0 < p; < 1. Additionally, the PSO determines the allocation of each task
to a specific MEC server. According to constraint (3.15), each task is processed by only
one MEC. Furthermore, constraint (3.16) ensures a task is only assigned to a server if the
expected E2E latency is less or equal to remaining time in the range.

Y ;<1 Vien (3.15)

J=1
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This helps in managing the Quality of Service (QoS) by ensuring that the E2E latency
does not exceed the remaining time in range for each task.

3.4 Performance Analysis

In this study, we simulate a highway scenario using the SUMO platform, where a RSU
supports computational offloading for vehicles traveling along the highway. The RSU is
equipped with two MEC servers, designed to handle incoming tasks from vehicles in its
coverage area. We incorporate a time-sensitive requirement for each task, with deadlines
determined by the Euclidean distance between the vehicle and the RSU at the time of task
offloading. The simulation covers three different scenarios with varying traffic densities
to evaluate MEC server performance under different workloads. Each vehicle generates
a single image-processing task. Tasks are generated based on a Poisson distribution to
simplify the model. Tasks can be generated both when a vehicle is within the RSU’s
range and any time prior to entering this range, which enables a more realistic model of
real-world scenarios. The size of each task is determined by the resolution of the image
being offloaded. We simulate different image resolutions to represent varying levels of
computational load.

Table 3.2: Simulation and PSO Parameters Values

Parameters Value
Number of vehicles 50, 100, 200
Number of tasks per vehicle 1

Max bandwidth 20 Mhz
Noise power 100 dbm
Transmission power 200 mW
Number of MEC servers 2
Number of CPU in each server 1

A 0.3
Swarm Size 50
Maximum number of iterations 100
Personal & global Learning Coefficient | 0.5

43



10.30
§ 123.75 —— PSO MEC-only Shared-B s —— PSO MEC+Local Shared-B

i
-
o
N
o

10.20
10.15
10.10
10.05

2 122,50
10.00

©
©
o

Objective function values per iteratiol

0
©
o

0 5 10 15 20 25 30 o 25 50 75 100 125 150 175
Iterations Iterations

(a) MEC-only Scenario (b) MEC+Local Scenario

Figure 3.2: Convergence Plots for PSO with Shared Bandwidth for 200 tasks

o - FCFS Max-B

—— FCFS Shared B

==+ SDF Max-B

—— SDF Shared B

——- PSO MEC-only Max-B

—— PSO MEC-only Shared-B

—=—- PSO MEC+Local Max-B

—— PSO MEC+Local Shared-B

»

60 80 100 120 140 160 180 200
Number of Users

Drop Task Ratio
=)
[F)

Figure 3.3: Average Drop task ratio for different number of vehicles

The parameters for simulation and PSO are listed in Table 3.2. The maximum band-
width is 20 MHz, but after accounting for a 4.6% guard band, the effective usable band-
width is 19.08 MHz. Figure 3.2a and Figure 3.2b present the convergence plots for PSO
in the MEC-only and MEC+Local scenarios, illustrated for the maximum number of ve-
hicles and shared bandwidth scenario. The number of iterations in each figure varies due
to early stopping. For better comparison, we present the ratio of dropped tasks in Fig-
ure 3.3, defined as the number of dropped tasks divided by the total number of tasks. The
figure demonstrates that as the number of tasks increases, preventing task drops becomes
challenging due to short deadlines and high waiting times caused by the larger task load.
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To address this, we implement MEC+Local approach . As shown, in the MEC+Local
approach, no tasks are dropped, indicating that PSO successfully identifies the optimal
number of portions to offload, ensuring tasks meet their deadlines while maximizing the
offloaded portions as much as possible. Figure 3.4 displays the average of E2E latency for
10 runs. As shown, with an increasing number of tasks, MEC+Local scenario does not re-
duce the latency compared to MEC-only offloading. This result arises from the significant
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difference in numbers of dropped tasks between MEC-only and MEC+Local approaches,
with a difference of 109 tasks out of 200. As dropped tasks’ latencies are not included in
the E2E latency, latency is lowered in the MEC-only scenario. In FCFS and SDF, where
the order of tasks is handled simply, both the number of dropped tasks and E2E latency
are less beneficial compared to PSO. In both approaches, PSO outperforms FCFS and
SDF due to its optimized task ordering. As illustrated in Figure 3.5, most portions are
processed locally due to the significant waiting times experienced on the MECs. With-
out incorporating computational waiting times into the objective function, we could have
more remote portions than local ones, though this would lead to increased E2E latency,
highlighting why it is important to consider waiting times in our objective function.

3.5 Conclusion

In conclusion, this study shows that task optimization and partitioning improve VEC
performance, with shared bandwidth among vehicles offering slight benefits over fixed
maximum bandwidth. Findings indicate that, for the MEC-only scenario with 200 tasks
using the shared bandwidth approach, 109 tasks are dropped, whereas 0 tasks are dropped
in the partitioning approach. This highlights the efficiency of the partitioning approach in
managing task distribution compared to the MEC-only scenario. This significant number
of dropped tasks in the MEC-only scenario results in a lower average E2E latency (5.65%
reduction) since only successfully completed tasks are considered. However, despite this,
the E2E latency in the partitioning approach is still lower compared to the FCFS and SDF
methods. In the future work, we plan to incorporate energy optimization and implement
more advanced algorithms to enhance performance and improve system efficiency. Energy
optimization is essential to reduce power consumption, particularly in resource-constrained
environments, while advanced algorithms can further optimize the overall offloading.
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Chapter 4

On-Dyn-CDA: A Real-Time
Cost-Driven Task Offloading
Algorithm for Vehicular Networks

with Reduced Latency and Task Loss

This chapter addresses the critical challenge of real-time task processing in vehicular net-
works, where timely and efficient task execution is crucial. Our primary objective is to
maximize the number of completed tasks while minimizing overall latency, with a partic-
ular focus on reducing number of dropped tasks. To this end, we investigate both static
and dynamic versions of an optimization algorithm. The static version assumes full task
availability, while the dynamic version manages tasks as they arrive. We also distinguish
between online and offline cases: the online version incorporates execution time into the
offloading decision process, whereas the offline version excludes it, serving as a theoreti-
cal benchmark for optimal performance. We evaluate our proposed On-Dyn-CDA against
these baselines. Notably, the static PSO baseline assumes all tasks are transferred to the
RSU and processed by the MEC, and its offline version disregards execution time, making
it infeasible for real-time applications despite its optimal performance in theory. Our novel
On-Dyn-CDA completes execution in just 0.05 seconds under the most complex scenario,
compared to 1330.05 seconds required by Dynamic PSO. It also outperforms Dynamic
PSO by 3.42% in task loss and achieves a 29.22% reduction in average latency in complex
scenarios. Furthermore, it requires neither a dataset nor a training phase, and its low
computational complexity ensures efficiency and scalability in dynamic environments.
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4.1 Introduction

MEC has emerged as an essential component in the era of IoT, where the number of
connected devices, such as smartphones, sensors, and smart home appliances, is rapidly in-
creasing [67], [23]. This proximity reduces dependency on distant centralized cloud servers,
significantly lowering latency [73].

Building on the benefits of MEC, VEC extends this paradigm to meet the specific
demands of CAVs and intelligent transportation systems [6,38]. As vital elements of
the ToT ecosystem, CAVs generate vast amounts of data from sensors, which must be
processed in real time [7], [64]. ML models play a crucial role in processing this sensor data,
enabling CAVs to accurately make decisions that ensure safe and efficient driving [72], [104].
However, due to the immense computational demands, onboard processing alone is often
insufficient to meet real-time requirements [95], [107], [55]. VEC provides a solution by
enabling vehicles to offload computationally intensive tasks to nearby edge servers [27],
[30]. CAVs also rely heavily on communication technologies, specifically V2V and V2X
communication, to exchange critical information [15]. V2V communication enables vehicles
to share data, facilitating cooperative driving and collision avoidance [81]. Meanwhile, V2X
extends this communication to include infrastructure, such as traffic lights and RSUs, as
well as other connected devices [4].

Despite VEC’s advantages, real-time vehicular environments face challenges as multi-
ple vehicles offload tasks, causing server queues, delays, and dropped tasks. Optimizing
task processing order is crucial to maximize successful task completion and minimize the la-
tency [113], [33]. Conventional scheduling methods may not be adequate for these dynamic
and high-load environments, making optimization algorithms, such as PSO, a promising
approach [62]. However, traditional optimization algorithms like PSO often require consid-
erable time to converge, which is impractical for real-time applications [94]. Consequently,
developing a fast and reliable scheduling algorithm is essential to ensure that task of-
floading remains efficient, even in highly dynamic and demanding vehicular networks [79].
This need for rapid and real-time approaches underscores the importance of innovative
techniques to maintain low latency and high reliability in VEC environments.

The main contributions of this work are as follows:

1. On-Dyn-CDA is proposed for efficient real-time task scheduling in vehicular networks.
It adapts to continuous task arrivals and resource changes, making it suitable for
practical use while handling many tasks with low computational cost.

2. We develop a dynamic optimization approach to schedule tasks within decision win-
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dows, including tasks arriving before MEC availability, while accounting for the al-
gorithm’s execution time in each decision window.

3. Our study defines the theoretical upper bound, Off-Sta-PSO, which assumes that
all tasks are available for optimization in advance, enabling ideal scheduling without
accounting for the execution cost of the optimization itself, which would otherwise
directly impact task processing. We also compare our model to a real-time worst-
case scenario, On-Sta-PSO, without dynamic behavior, showing our proposed model
performs close to the theoretical optimum and far better than the worst-case baseline.

Based on our contributions, our findings indicate that the novel dynamic algorithm,
On-Dyn-CDA, efficiently manages real-time task scheduling in vehicular networks by dy-
namically adapting to continuous task arrivals and fluctuating resource availability with
reduced computational cost. In our most complex environment of 200 tasks, it achieves
approximately 95.58% of the theoretical limit for dropped tasks and outperforms dynamic
PSO by about 3.42%. Furthermore, we show that On-Dyn-CDA reaches around 93.32%
of the theoretical limit in terms of average latency and demonstrates a 29.22% improve-
ment over dynamic PSO, with a significantly shorter execution time, validating its superior
performance in real-world applications. Section II presents the literature review, while Sec-
tion III outlines the methodologies under study. The performance evaluation is covered in
Section IV, and Section V concludes the study.

4.2 Related Work

Several studies have examined task offloading and resource allocation in MEC-enabled
IoV [14], [22], highlighting the challenges of meeting low-latency requirements when rely-
ing solely on traditional cloud computing. The proposed solutions employ multi-objective
optimization methods, often focusing on latency and load balancing. Ant colony optimiza-
tion can be one approach to address these challenges by exploring the search space for
offloading decisions while balancing the computational load across available resources [84].
Additionally, multi-criteria decision-making and Simple Additive Weighing can be incor-
porated for comprehensive evaluation [84]. Dependent tasks are particularly critical in
MEC-enabled 5G vehicular networks, as they often consist of multiple interlinked subtasks
that must be processed in a specific sequence to maintain system efficiency. In resource-
limited environments, these tasks can be modeled as DAGs, and an effective scheduling
strategy is needed to meet stringent latency requirements [97]. This issue can be addressed
by employing a PBTSA, utilizing RBFS to prioritize subtasks and leveraging a greedy
offloading strategy for efficient task allocation, ultimately reducing overall delays [97].
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Table 4.1: A comparison of our work with existing literature

Paper Tj:ks M#EéCs Dyn Training MTG KPI Algorithm
off On AET | Latency | DTR
A0- Ant Colony
[84] 120 10 X - - - X X Optimization
(ACO)
PBTSA,
[97] - 10 X - - Python X X PBLA,
TBTOA
Mobility,
Contact, and
58 | - 6 x| - - - X Computa-
tional
Load-Aware
(MCLA)
My |- 1| x| - | - |maTpAB | X Theoretical
analysis
0] | 50 4 x | - - | MATLAB | «x Theoretical
analysis
long
short-term
[29] - - X EE@;IOJ A]+3 X X memory
(LSTM),
PPO
[50] - 4 X Python X X MADDPG
[90] - - X Python X X DRL
DAGGEN , )
[16] - - X + Python X X SMRL-MTO
real
[106] - 4, 32 X historical X X RL
dataset
On-Dyn-
50- / CDA,
Ours | 100- P ; ; SUl\t’[hO; Off-Sta-PSO),
200 PYRRo On-Sta-PSO,
On-Dyn-PSO

* Dyn: Dynamic, Off: Offline, On: Online, MTG: Mobility Trace Generator, KPI: Key Performance
Algorithm Execution Time, DTR: Dropped Tasks Ratio

Indicator, AET:

To improve task offloading in MEC-enabled vehicular networks, dynamic communi-
cation switching can adapt to network conditions. By leveraging V2V and V2I modes,
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vehicles switch between sub-6 GHz 5G NR and mmWave to reduce delays and enhance
execution rates. This approach optimizes offloading based on mobility, contact duration,
and computational load, improving task turnover and network stability. Practical imple-
mentations report up to 1800 completed tasks, though the total number is not explicitly
stated [58]. Beyond communication switching, efficient resource allocation is key to im-
proving task offloading in MEC-enabled vehicular networks. Integrating NOMA enhances
spectral efficiency by enabling simultaneous transmissions, reducing congestion, and im-
proving execution rates. Analytical models show that vehicle arrival rates significantly
impact task loss, while speed variations have minimal effect, emphasizing the need to
prioritize traffic density in resource allocation [41].

Building on the advantages of NOMA in vehicular task offloading, further optimizations
enhance spectrum utilization and computational efficiency by enabling multiple Vehicular
User Equipments (VUEs) to share wireless resources, improving system capacity for inten-
sive applications. However, task offloading and resource allocation remain complex. A de-
composition strategy addresses this by breaking the problem into two subproblems, solved
with heuristic algorithms to ensure efficient task distribution, low latency, and balanced
resource usage [20]. Apart from spectrum and computational efficiency, task offloading
must also account for heterogeneous coverage, where 5G Base Station (BS)s and RSUs
coexist. In such scenarios, vehicles dynamically offload tasks based on real-time load and
proximity to edge units. Since direct BS load measurement is challenging, LSTM-based
predictive models estimate load in advance for informed decisions. Offloading is formulated
as a constrained optimization problem to minimize delays and balance workloads, with RL
methods like PPO refining decision-making in dynamic network conditions [29].

Further enhancing task offloading efficiency, distributed intelligence can be leveraged
to balance workloads dynamically across edge resources. MADDPG algorithms offer a
promising approach by optimizing system performance while minimizing delays and ad-
hering to BS energy constraints [50]. The effectiveness of task offloading depends on factors
such as how frequently tasks are generated, the number of active users, and the length of
the simulation. However, [50] does not explicitly mention the total number of tasks or the
simulation duration, which can limit the reproducibility of results.

Building on RL approaches, Actor-Critic-based DRL can be used to optimize task
offloading by considering factors such as vehicle-RSU distance, channel conditions, and
resource availability. This framework enables dynamic task distribution across mobile
vehicles and RSUs, effectively balancing latency, energy consumption, and resource allo-
cation [90]. Further enhancing task offloading efficiency, SMRL-MTO can be employed to
capture dependencies between subtasks and optimize offloading decisions. By integrating
bidirectional gated recurrent units with an attention mechanism, this approach dynami-
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cally prioritizes key input sequences. The model considers DAGs with around 12 subtasks
executed across multiple servers, though exact numbers are not specified [16]. Addition-
ally, a model-agnostic meta-learning framework enables rapid adaptation to new multi-task
offloading (MTO) scenarios with minimal retraining [16]. To mitigate the high exploration
costs of online RL, offline RL can be employed for asynchronous task offloading in MEC
environments [106]. By utilizing real historical data, this approach trains a supervised
environmental model on a static dataset, simulating edge computing dynamics to optimize
policies without real-world interactions. In [106], scalability is specifically evaluated by
increasing the number of edge servers from 4 to 32, though details about the simulation
tool are not provided.

While existing studies address key aspects of vehicular task offloading, they often over-
look critical factors such as dynamic task processing, the number of dropped tasks, and
reporting of algorithm execution time. Some focus on task dropping or dynamic schedul-
ing individually but fail to consider them together. This gap is significant, as low latency
becomes less meaningful if many tasks are dropped before processing. The priority should
be ensuring tasks are completed and returned before deadlines, followed by minimizing
latency for successfully processed tasks. Additionally, algorithm execution time is crucial,
as fast decision-making is essential for meeting deadlines. Even optimal algorithms are
ineffective if they cannot schedule tasks quickly.

To tackle these challenges, we begin by analyzing the theoretical limit scenario using
the PSO algorithm. Next, we implement a dynamic PSO approach that assigns tasks to
MECs in real-time based on the optimal order, enabling continuous adaptation to fluc-
tuating task arrivals and resource availability. However, this method is not efficient for
real-time applications due to the high execution time required by optimization algorithms.
To overcome this limitation, we introduce On-Dyn-CDA, which reduces the number of
dropped tasks and latency while maintaining a short algorithm execution time. PSO is
also implemented in a static online simulation to assess its computational cost across all
the tasks. Moreover, On-Dyn-CDA outperforms ML algorithms like RL: by being more effi-
cient, as it eliminates the need for training or datasets, operates faster, and reduces overall
complexity. Additionally, we compare our method against simple greedy algorithms that
offer fast execution times, demonstrating the superior performance of On-Dyn-CDA in dy-
namic settings. Table 4.1 highlights the differences between our approach and the related
studies.

52



Ordered by Online Static PSO

Online Static —_——— e e = — — — — -
PSO

Static Task
Structure

it
a
A
]
'
]
'
]
'
)
x

—

Online Dynamic lr_Dasion Window
PSO First Second __I oo
| t—

Dynamic Task
Structure

I
sssssssscns H Max. |

Ordered by Online Dynamic Cost-[@@ven Algorithm

—
) ) -———— — Dynamic Task
Online Dynamic | Decision Window ST .
) 1
Cost-Driven first | [second|__| ]
| e
End to End

Latency
Earliest MEC
Availability

p>
Generated tasks

Decision |

(((:))) * A * (((:)))

Offline Static PSO

Total Computational Latency Communication Latency
+
Latency

Ordered by Offline Static PSO

Uplink + Downlink

\\)_Statlc Task
= Structure

Figure 4.1: General Concept of VEC for Static and Dynamic Task Offloading Process

53



N tasks are ready for PSO (STATIC)
PSO excludes execution time (OFFLINE)

Offline Static PSO

(On_Sta_PSO)

“.I:|. T Ih‘km
[

more drupped task

more Iatency

Theoretical it (Best Case

+
(Off_sta_PSO) -3 Execution Cost of N Tasks
- I:‘ I:‘ esseseseene :nskn: Excluded
N tasks are ready for PSO (STATIC)
Worst Case
Online Static PSO PSO includes execution time (ONLINE) Real-Time
+

Non-Real-Time

Compared with Others
Wy tasks are ready for PSO (Dynamic) Dynamic Optimisation
PSO includes execution time (ONLINE) .
Online Dynamic PSO Real-Time
Decision +
[ - Extra dropped task
&

Ll
k J PSO Execution

Extra latency

Earliest MEC Delay
availability
|- - - - - - T T T T T T T
Dynamic Cost Driven,
Wy tasks are ready for CDA (Dynamic) Dymamic C_OSt Driven
Algorithm
Online Dynamic Cost CDA includes low execution time (ONLINE) Proposed Algorithm
Driven Algorithm Decision Real-Time
- Window hs
(On_Dyn_CDA) — = Low Execution Cost of of Wy Tasks
- T Included
Low dropped task
&
Low latency

Earliest MEC
availability

Selected t e Selected t, ( Selected ty,

Cost Calculation & Affected t, Affected ty Affected t,

Affected ty, ™ Affected twy& Affected twy.1
¢ Assign to

‘ Low Cost Selected Task ‘ &

Max. Waiting Time
~—

Wmax

Wc
D E—
Wy wy Selecte(f Task (s) Aﬂec.tc.ed Ta_sk (@) Drop Task Cost 1 Wc > Wmax
Processing Time Waiting Time of
s=1a-1 P TR ) Affected Task (a) 0  Otherwise

Figure 4.2: Comparative Analysis of the Proposed Algorithm and Existing Methods

54



4.3 Methodologies under Study

4.3.1 Baseline Methods and the Proposed Algorithm

We employ FCFS and SDF [60], both of which are greedy algorithms, along with PSO,
a metaheuristic optimization technique that provides a more adaptive and efficient strat-
egy for scheduling tasks in complex environments. In our approach, PSO determines the
order in which tasks are processed and assigns each task to a specific MEC server. This
assignment is guided by the goal of reducing the number of dropped tasks and minimizing
the overall latency for tasks that are successfully processed. The algorithm evaluates key
factors, such as task deadlines, server availability, and computational requirements, to en-
sure the efficient distribution of tasks across available resources.

Based on Figure 4.1 and Figure 4.2, three types of PSO algorithms are employed
for comparison with our state-of-the-art approach: Off-Sta-PSO, On-Sta-PSO, and On-
Dyn-PSO. Each algorithm addresses task scheduling under different assumptions and con-
straints, moving from idealized scenarios to more realistic ones. Off-Sta-PSO is designed
to showcase the theoretical upper limit and the best possible solution. This algorithm
assumes that we have prior knowledge of all tasks, including their arrival times and pro-
cessing requirements, before they even arrive at the RSU. This is achieved by utilizing a
pre-generated dataset from SUMO, representing a static task processing strategy. In this
idealized setup, PSO is executed once on all tasks in the dataset to determine their order.
Since there are two MECs, the start processing times for the first and second tasks are
assumed to be equal to their arrival times, without considering any waiting time. As, in
real-world scenarios, tasks arrive in real-time and their details are unknown before reaching
the RSU, this assumption does not fully align with practical systems. However, it serves
as a useful reference for establishing the optimal benchmark for task scheduling and per-
formance.

On-Sta-PSO introduces a more realistic approach by calculating all waiting times in
real-time. This still simulates a scenario in which the PSO algorithm is applied to all tasks
at once. However, it assumes that all tasks must arrive at the RSU before the decision-
making process begins, leading to significant waiting times for tasks that have already
arrived. As a result, processing of the first and second tasks begins only after all tasks
have been received, which reflects a worst-case scenario where processing is delayed to
accommodate PSO execution after gathering complete task information. In both static
algorithms, tasks one and two begin processing immediately upon arrival since two MECs
are available. Subsequent tasks are then ordered using the PSO algorithm and start pro-
cessing only after the preceding task is completed.

On-Dyn-PSO takes a dynamic, real-time approach, where PSO is executed multiple
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times as tasks are generated dynamically by SUMO. In this scenario, tasks one and two
are immediately assigned to MEC servers upon arrival. Subsequent tasks arriving after
task two are collected in a queue called the decision window. This queue includes the set
of tasks that arrive between the start processing time of task two and the earliest MEC
availability time. We should note that, in static scenarios, the decision window includes all
tasks in the simulation, as we optimize the scheduling of all tasks together at once. The
earliest MEC availability time is defined as the moment when at least one MEC becomes
free to process tasks. Until just before this availability time, the PSO algorithm is applied
to identify the optimal task for assignment to the first available MEC. After assigning the
task, the availability time of each MEC is updated, and the earliest MEC availability time
is determined by taking the minimum of the MECs’ availability times. A new decision
window is created, ranging from the maximum start processing time of tasks across both
MECs (corresponding to the start processing time of the most recently assigned task) to
the new earliest MEC availability time. This decision window now includes all unassigned
tasks that have already arrived or will arrive before the new earliest availability time. The
PSO algorithm is then reapplied to identify the optimal task within this updated window,
and the process continues iteratively until the simulation ends, ensuring that only one task
is assigned to a MEC at a time. This approach enables dynamic, real-time task schedul-
ing, closely reflecting how tasks would be managed in real-world scenarios. However, PSO
requires considerable execution time, making it impractical for real-world scenarios. To
address this limitation, we propose a faster, real-time solution called the On-Dyn-CDA.
This proposed algorithm is designed to handle tasks efficiently in real-time by leveraging a
cost function to determine which task should be assigned to the available MEC first. Sim-
ilar to On-Dyn-PSO, tasks one and two are automatically assigned to MEC1 and MEC2
upon arrival. Additionally, as in On-Dyn-PSO, tasks arriving after the start processing
time of task two and the earliest availability time are gathered in a decision window.

4.3.2 The mathematical framework for task offloading

E2E latency, a key component of the objective function, depends on both computation and
communication latencies. Each is explained separately to highlight its individual impact.

computation latency
The start processing time of each task is calculated by adding the start processing time of

the preceding assigned task to its processing time. The start processing time is essential
for determining a task’s waiting time, which contributes to its E2E latency. When task ¢
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is offloaded to a MEC server j, it undergoes a delay composed of two main components:
the time it waits before processing begins, and the actual processing duration. Based on
(4.1), t¥ represents the waiting time, indicating how long task ¢ waits in the RSU before
being processed.

=t — " (4.1)

t;” represents the start processing time of task i, and ¢ denotes the arrival time at the
RSU for task i. Table 5.2 provides an explanation of all the necessary notations for the
mathematical formulas. The computation latency, LY, as expressed in (4.2), is defined as
the total of the processing time and the waiting time.

LY =2+ ¢y (4.2)

t? denotes the processing time of task i with actual processing times sourced from [?].

Table 4.2: Notation Table

Param. | Description Eq.
N Total number of tasks (4.9) (4.10)

(4.13)
M Total number of MEC servers (4.9) (4.10)
(4.11) (4.13)

N’ Number of tasks ready for transmission to/from (4.4)

RSU simultaneously

D Total number of dropped tasks (4.9) (4.10)

S; Size of task i (4.4) (4.6)
Tij Binary variable indicating task i is assigned to | (4.8) (4.9)
MEC j (4.10) (4.11)
(4.13)
;"8 | Remaining time in the RSU range for task i (4.8)
td The deadline for processing task ¢ and returning (4.20)
it to the vehicle
e Arrival time of task ¢ to the RSU (4.1) (4.20)
P Start processing time for task i (4.1) (4.11)

(Table 4.2 continues on next page)
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Param. | Description Eq.
L$* | End-to-end latency for task ¢ (4.7) (4.8)
(4.10)
L? Computation latency for task ¢ (4.2) (4.7)
TP Processing time of task i (4.2) (4.11)
(4.20)
ty The time task ¢ waits in the RSU before starting | (4.1) (4.2)
processing
ty-max | The maximum duration that task i can wait | (4.20) (4.22)
before processing while meeting its deadline (4.23)
LY Transmission latency for task i (4.7)
tir Transmission time for task ¢ (4.6)
T Transmission rate for vehicle of task i (4.5) (4.6)
B; Bandwidth of task i (4.4) (4.5)
Bhax | Maximum bandwidth (4.4)
P Transmission power (4.5)
g Channel gain (4.5)
ng Noise power (4.5)
e The time when MEC j becomes available (4.11) (4.12)
tav Earliest MEC availability time (4.12)
P The processing time of the selected task (4.22) (4.23)
d,, Drop cost condition for an affected task based | (4.22) (4.23)
on the selected task
S The set of tasks available within the decision | (4.15) (4.17)
window
Q The set of tasks available within the decision | (4.17) (4.18)
window that meet theis deadlines (4.19)
W, The number of tasks within the decision window (4.17)
that meet their deadlines

Transmission latency

During transmission, if multiple tasks within the RSU’s range are offloaded simultaneously,
the available bandwidth is shared among them. In such cases, the bandwidth allocated to
each task is proportional to its size [70]. However, if a task is transmitted individually,
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it can utilize the entire available bandwidth. Based on our study in [70], sharing the
bandwidth can slightly reduce transmission latency compared to using a fixed bandwidth
allocation. The set of concurrent tasks is defined as:

N ={i=1,....N|Ti=T} (4.3)

T; denotes the offloading time when task i becomes ready for transmission, while T repre-
sents the offloading time at which all tasks in N are ready to be offloaded. Additionally,
N’ represents the total number of tasks in set A/. The bandwidth assigned to task 7 is
calculated using (4.4). This bandwidth is further used to calculate the transmission rate,
r;, which is needed to determine the transmission time.

S.

Bhax - —+— N’ >1

B, = il S / (4.4)
Bmax N =1

where S; represents the size of task i. The transmission rate is defined in (4.5):

No
where p indicating the transmission power, g referring to the channel gain, and ny denoting
the noise power density.

Furthermore, the expression for the transmission time, t!*, is provided in (4.6) and

7 )
constitutes the transmission latency.

S,
== 4.6
= (46)
The downlink transmission follows the same process as the uplink for bandwidth allo-
cation and calculation, and in our experimental results, their performance is very similar.
Since the impact of transmission latency on total latency is relatively small, and for sim-
plicity, we assume that the result size is equal to the input size.

As defined in (4.7), the end-to-end latency, L$*, includes both computation, L?, and
transmission, L', latencies.

L = LY + LY (4.7)

The transmission latency, LY, includes both the uplink transmission time and the

7
downlink transmission time.
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A binary variable, z;;, is used to represent the assignment of task i to MEC server j
as shown in (4.8). Task i is assigned to MEC j if its E2E latency does not exceed the

duration the vehicle remains within range, ¢;""%¢

(4.8)

B 1 sze S t;‘ange
Y10 otherwise

Number of Dropped Tasks

The calculation for the number of dropped tasks, D, is presented in (4.9). This indicates
the number of tasks that were not assigned to any MEC because they could not meet their
deadlines, ranging from 0 to N:

M

D = %i(l - x]> (4.9)

Jj=1

where M represents the total number of MECs.

The Optimization Problem

Our main objective is to minimize the number of dropped tasks, followed by reducing the
E2E latency for non-dropped tasks. The objective function is defined in (4.10).

min (A(Z > L x )+ (1 )\)D) (4.10)

j=1 i=1
Ais set to 0.4, indicating greater emphasis on D. This choice reflects the critical importance
of task completion in our scenario, where dropped tasks represent failures of service. While

a lower value of A would place even more weight on avoiding task drops, we selected this
value based on preliminary empirical observations balancing both objectives.

In the dynamic scenario, the first and second tasks are assigned to MEC1 and MEC2
immediately upon arrival at the RSU. After this initial assignment, we calculate the time
cach MEC becomes available, as demonstrated in (4.11).

t?v = (tfp + tf)ﬂ?m VJ S M (411)
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This indicates that each MEC becomes available, ¢3", only after completing the task as-
signed to it.

To determine which MEC to assign the new task to, we identify the earliest MEC

availability time, 3V, using:

te¥ = argmin (£2") (4.12)
J

As outlined in constraint (4.13), every task is exclusively processed by a single MEC
server.

M
d ;<1 VieN (4.13)

j=1

Figure 4.3: Illustration of a basic scenario showcasing the functionality of the On-Dyn-
CDA.
The Cost formula

As shown in (4.14), T is the set of all tasks in the simulation, containing a total of N tasks.

T = {t1,to,ts,... tx} (4.14)

After assigning a task to a MEC server, a new set of tasks, S, is formed as defined
in (4.15). This set includes tasks that arrive before the earliest availability time, ¢V, and
have not yet been assigned to any MEC server.

S = {ti tiy tig, . Liy } (4.15)

This implies that the arrival time of tasks, ¢, in S is less than or equal to the earliest
availability time, %V, based on (4.16).

) e

ar < g (4.16)
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The set @), is a subset of tasks from S that satisfy the condition of being able to meet
their deadlines, as determined in (4.17). This means that only tasks that arrive before
¥ and can meet their deadlines are included in the ), set, which represents our decision
window. Tasks that cannot meet their deadlines are excluded from this window, as they
are not eligible for assignment:

Qy={t, €S| 1<I<W,, tr <t

W~ ogrange _ 4p _ gcm
tyl — tyl tyl tyl

(4.17)

where ¢, denotes the task at position [ in window y. As demonstrated in Figure 4.3, if
there are W, tasks in @), (with W, = 3 illustrated in Figure 4.3), there are W, possible
tasks that can be selected to be assigned first to a MEC server once it becomes available.
In other words, each task within the decision window that belongs to set (), can be selected
to be sent to the MEC server with the earliest availability.

Our goal is to choose the task that minimizes overall latency and results in fewer tasks
being dropped. As specified in (4.18), each task within the decision window’s @, set is
evaluated as the selected task, ts, while the remaining tasks are treated as affected tasks
and are included in the set @y, as outlined in (4.19).

ts € Qy (4.18)

Qya = Qy \ {ts} (4.19)

This terminology is used because we are deciding which task should be assigned first
(the selected task), while the affected tasks are those influenced by the selected task.
Specifically, the selected task can influence the waiting time of the affected tasks, and a
poor choice for this task could result in significant delays for the others. Our goal is to
identify the selected task that results in the fewest affected tasks being dropped while
keeping the waiting time for the remaining, non-dropped affected tasks as low as possible.
After assigning the optimal selected task to the MEC, we calculate the updated availability
times of the MECs to determine the new earliest MEC availability time. A new decision
window is created, spanning from the start processing time of the assigned task (previous
earliest availability time) to the newly determined earliest availability time. This window
includes the non-dropped affected tasks as well as any tasks that arrive before the new
earliest availability time. We repeat the process to determine the next optimal task for
assignment, with only one task being assigned to a MEC at a time. Maximum waiting
time, ¢7"**, as determined in (4.20), represents the longest period that task ¢ can wait
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before being processed while still meeting its deadline. The task is dropped if it exceeds
this period.

prmax —gd _yP g e Q) (4.20)

According to (4.21), the selected task’s start processing time, %P, is equal to the earliest

) Vs )

availability time of the MEC server, t*V, added to the algorithm’s execution time, €.. The

) e )

execution time is high in the PSO algorithm, whereas it is significantly lower in On-Dyn-
CDA.

BP =t e, (4.21)

The waiting time in window y for an affected task, ¢, is defined as the duration
between an affected task’s arrival time and the earliest availability time at the moment
when a specific selected task is being evaluated. In other words, this waiting time is only
used to determine the optimal selected task and does not represent the final waiting time.
This implies that when evaluating a particular task as the selected task, we determine the
waiting time it imposes on the affected tasks. This method helps assess how choosing a
suboptimal selected task could lead to longer waiting times for subsequent tasks. As defined
in (4.22), ds, is a binary variable that indicates whether an affected task is dropped as a
result of selecting a specific task to be assigned to the MEC. If the sum of the selected
task’s processing time, ti’j, and the waiting time in window vy, t¥, of the affected task is less
than or equal to the maximum waiting time, ¢7-""**  the affected task will not be dropped.
Otherwise, it is dropped due to the impact of the selected task.

(4.22)

g - 0 it < gv-max
** 11 otherwise

To dynamically approximate the global objective defined in (4.10), which jointly mini-
mizes end-to-end latency and the number of dropped tasks across the entire task set, the
On-Dyn-CDA algorithm employs a local heuristic objective given in (4.23).

Wy

1R+t
argmin { ) (%-(1—%”%) (4.23)
s a=1 a
a#s

This equation serves as a tractable, local approximation that guides dynamic decision-
making at each step of the task assignment process. Specifically, (4.23) is used to evaluate
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the impact of selecting a particular task on the waiting time and drop likelihood of other
tasks in the decision window.

Algorithm 1: On-Dyn-CDA: Online Dynamic Cost-Driven Assignment

1: Initialization:

2: Assign first two tasks to MECs and compute ¢5* for each.
3: while unassigned tasks remain do

4: Compute £3" = arg min;(¢$")

5: Qy < {t; | t§" < 12, meets deadline}

6: for each ¢, € ), do

7 costy <= 0, Qua < Qy \ {ts}

8: for each ¢, € @, do

9: Compute ¢, tw-m

10: if 2 4 t¥ < ¥ then
ety

11: costy += tgi,msz

12: else

13: costy +=1

14: end if

15: end for

16: end for

17: Select topy = arg min(costy)

18: Assign top, update ¢5"

19: Update window with remaining and new tasks

20: end while

By iteratively applying this heuristic in a greedy fashion, always selecting the task
that minimizes this local cost, the On-Dyn-CDA algorithm approximates good solutions
to the global problem without incurring its computational overhead. This means that, to
determine the best selected task for assignment to the MEC, we seek the one that minimizes
the number of dropped tasks and reduces the waiting impact on those that are not dropped.
If dg, is 1, there is no need to check the impact of the selected task on the waiting time of
the affected task. However, if it is 0, this impact must be evaluated as the ratio of the sum
of the selected task’s processing time, ti’j, and the affected task’s waiting time in window v,
tY, to the maximum waiting time, ¢J-"**. This ratio can be referred to as the waiting cost
since it measures the relative delay experienced by an affected task. The value of dg, is
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limited to either 0 or 1, whereas the waiting cost ranges between 0 and 1. The formulation
in (4.23) is effective because it balances two key aspects of task scheduling: feasibility
(whether a task is dropped) and timeliness (how close a task is to exceeding its deadline).
The binary term dg, penalizes cases where the affected task a would be dropped due to
the selection of task s, directly addressing the feasibility constraint. For non-dropped
tasks (ds, = 0), the cost is expressed as a normalized ratio which measures the portion
of the affected task’s maximum waiting time that is consumed when task s is selected. A
lower ratio implies that the affected task remains well within its allowable waiting time,
minimizing its risk of deadline violation. In this way, the expression effectively quantifies
the waiting cost experienced by each affected task. By combining the drop penalty, d,,
and the relative waiting cost, the objective in (4.23) prioritizes task assignments that not
only avoid drops but also preserve temporal flexibility for future scheduling decisions. This
makes it a computationally efficient yet practical approximation of the global objective in
(4.10).

4.3.3 Algorithm

Algorithm 1 outlines the On-Dyn-CDA method for real-time task offloading in MEC-
enabled environments. The algorithm works by repeatedly selecting the most efficient task
to assign to the MEC server that will become available next. At each step, it forms a
decision window containing tasks that have arrived before the earliest MEC availability
time. The task with the lowest calculated cost, which reflects both delay and drop rate,
is selected and assigned. After the assignment, the MEC availability is updated and a
new decision window is constructed. This process continues until all tasks are processed
or dropped.

4.4 Performance Evaluation

4.4.1 Experimental Setup

In this study, we simulate a highway environment using the SUMO platform, where an
RSU facilitates computational offloading for vehicles traveling along the highway. The
RSU is equipped with two MEC servers to process incoming tasks generated by vehicles
within its coverage area. Each task has a time-sensitive deadline, determined by the Eu-
clidean distance between the vehicle and the RSU at the time of ofloading. The simulation
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examines three traffic density scenarios to evaluate the performance of the MEC servers
under varying workloads.

Each vehicle generates a single image processing task, with task generation following
a Poisson distribution to capture the randomness and variability typical of real-world
vehicular offloading. Tasks can be generated either while a vehicle is within the RSU’s range
or before entering it, creating a more realistic simulation. The size of each task depends on
the resolution of the image being processed [91]. To model different computational loads,
we simulate varying image resolutions, with the data size of each image calculated based
on a color depth of 24 bits per pixel, following standard RGB encoding. The parameters
have been set based on [77], [24], as presented in Table 4.3.

Table 4.3: Simulation Parameters

Parameters Value

The number of vehicles 50, 100, 200

The number of tasks per vehicle 1

The number of MEC servers 2

The number of CPUs per MEC server | 1

Task size 2160, 3840, 6000, 8640 kb
Max bandwidth 20 Mhz

Noise power 100 dbm

Transmit power 200 mW

Table 4.4: PSO Parameters

Parameters Value

Swarm Size 50

Maximum number of iterations | 100
Cognitive Coefficient 1.49
Social Coefficient 1.49

The system operates with a maximum bandwidth of 20 MHz; however, accounting
for a 4.6% guard band, the effective usable bandwidth is 19.08 MHz [1]. Simulations are
performed on a machine with a Core i7 CPU, GeForce MX150 GPU, and 8GB of RAM. The
parameters used in the PSO algorithms [62] are detailed in Table 4.4. These parameters
are selected based on empirical observations from multiple experiments.
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Figure 4.4: Comparison of Convergence Plots for different algorithms with 200 tasks

4.4.2 Numerical Results

FCFS and SDF are employed as deterministic methods to demonstrate how simple ap-
proaches perform in addressing a complex task offloading problem. PSO is applied in
various configurations, including different simulation types (online and offline) and task
processing strategies (static and dynamic), to evaluate the performance of a well-known
optimization algorithm in diverse environments. Finally, we introduce a novel algorithm,
On-Dyn-CDA, designed to overcome the inefficiency of traditional optimization algorithms
in dynamic scenarios. This algorithm achieves results in terms of the number of dropped
tasks and E2E latency that are close to the theoretical limit (Off-Sta-PSO) but with sig-
nificantly reduced algorithm execution time. This highlights that On-Dyn-CDA not only
meets the primary objectives but also processes a large number of tasks quickly, making
it highly suitable for real-time task offloading. In the Numerical Results section, Table 4.5
presents the numerical performance results for each method.

Convergence

In Figure 4.4, we plot the objective function values over the iterations for 200 tasks. The
convergence pattern of On-Sta-PSO, as shown in the figure, demonstrates its difficulty in
finding the global optimum. This is primarily due to the significant waiting time introduced
in this approach, which makes it challenging for the algorithm to explore the solution
space effectively. Since processing does not begin until all tasks have arrived and PSO has
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been executed, the extended delays lead to inefficiencies, causing the algorithm to struggle
in balancing task assignments and minimizing the objective function. These constraints
explain the slower convergence and the tendency to get stuck in suboptimal solutions.

Off-Sta-PSO demonstrates good convergence as it does not account for the major wait-
ing times. It successfully finds the global optimum, achieving the best possible value. For
On-Dyn-PSO, which is executed multiple times on different batches of tasks, the objective
function value is calculated at the end based on the final total order. The same approach
is applied for On-Dyn-CDA. The results indicate that the objective value of On-Dyn-CDA
is better than that of On-Dyn-PSO, primarily because of the significant execution time
required by PSO.

1401 — FCFs

—— SDF
1207 __ off.sta-pso
1001 — On-Sta-PSO
—— On-Dyn-PSO

On_Dyn_CDA

60
40+
20+

Number of Dropped Tasks
(o]
o

60 80 100 120 140 160 180 200
Number of Vehicles
Figure 4.5: Number of Dropped Tasks for different numbers of vehicles across various
algorithms

Dropped Task Ratio

Figure 4.5 shows the number of dropped tasks for different vehicle counts, including confi-
dence intervals, across various algorithms over 10 runs. This indicates that as the number
of tasks increases, the number of dropped tasks also rises across all algorithms due to longer
waiting times. Off-Sta-PSO achieves the best performance, while On-Sta-PSO performs
the worst. On-Dyn-CDA delivers results very close to the theoretical limit of Off-Sta-PSO,
demonstrating strong performance. On-Dyn-PSO performs worse than On-Dyn-CDA but
still achieves better results than FCFS and SDF. Despite the dynamic nature of On-Dyn-
PSO, its performance is affected by the considerable execution time required by PSO to
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process different batches of tasks. SDF performs better than FCFS by reducing the number
of dropped tasks. However, as the number of tasks increases, the results of SDF and FCFS
converge. This happens because the complexity of the task processing environment in-
creases with a larger number of computationally intensive tasks, making SDF less efficient
in maintaining its advantage over FCFS.
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Figure 4.6: Average end-to-end latency for different numbers of vehicles across various
algorithms
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Figure 4.7: Average waiting time for different numbers of vehicles across various algorithms
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Computation Latency

The comparison of average FE2E latency is presented in Figure 4.6 for different vehicle
counts, including confidence intervals, across various algorithms over 10 runs. Among the
evaluated approaches, Off-Sta-PSO and On-Dyn-CDA demonstrate the best performance,
with Off-Sta-PSO representing the theoretical optimum. On-Dyn-PSO initially achieves a
lower average E2E latency compared to FCFS and SDF. However, as the number of tasks
increases, the execution time of On-Dyn-PSO plays a major role in increasing the overall
latency, leading to a decline in its performance compared to FCFS and SDF. Notably, On-
Sta-PSO consistently performs the worst, exhibiting the highest average E2E latency across
all scenarios. Figure 4.7 presents the average waiting time for different vehicle counts,
including confidence intervals, across various algorithms over 10 runs. As shown, the
average waiting time results are similar to those observed for the average E2E latency, since
waiting time serves as the primary contributing factor to E2E latency. In Figure 4.8 the
execution time for all algorithms is displayed over 10 runs, indicating the overall duration
required for each algorithm to process all tasks, with standard deviation used to reflect the
variability across runs. As observed, FCFS, SDF, and On-Dyn-CDA exhibit the shortest
algorithm execution time, whereas the PSO-based models require significantly more time.
As expected, On-Sta-PSO demonstrates the longest execution time, followed by On-Dyn-
PSO, with Off-Sta-PSO performing better but still requiring more time compared to the
other approaches. On-Dyn-PSO requires more execution time than Off-Sta-PSO because
it performs real-time optimizations, continuously updating task assignments and server
selections based on changing system conditions. In contrast, Off-Sta-PSO precomputes
schedules offline under static conditions, avoiding the need for continuous updates and
reducing computational overhead.

Table 4.5: Overall performance of all methods

Algorithm Total end-end Latency (s) Total waiting time (s) Algorithm Execution Time (s)
50 Vehicles | 100 Vehicles|200 Vehicles |50 Vehicles | 100 Vehicles | 200 Vehicles|50 Vehicles|100 Vehicles | 200 Vehicles

FCFS 413.44 789.02 1104.78 278.32 637.25 955.01 0.0052 0.0078 0.02

SDF 430.03 792.12 1105.18 292.57 642.05 956.32 0.0075 0.0117 0.0313
Off-Sta-PSO 392.49 675.75 861.32 270.21 453.61 600.84 210.61 800.02 1300.02
On-Sta-PSO 483.10 881.28 1253.80 339.42 724.65 1112.91 213.42 805.10 1308.24
On-Dyn-PSO 460.12 827.12 1175.78 314.93 673.7 1013.33 217.54 821.30 1330.05
On-Dyn-CDA 396 686.2 872.62 278.11 471.12 632.12 0.02 0.03 0.05

For better comparison, Figure 4.9 presents the execution time of only the non-PSO
algorithms. As illustrated, FCFS has the shortest execution time, followed by SDF, and
finally On-Dyn-CDA. Table 4.5 presents the numerical results for total E2E Latency, total
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Figure 4.9: Algorithm execution time for different numbers of vehicles for FCFS, SDF, and

On-Dyn-CDA

waiting time, and algorithm execution time in seconds. These results represent the stan-
dard deviation over 10 runs, using the same simulation setup for all algorithms to ensure
consistency and fairness in comparison. As shown in Figure 4.8 and the numerical val-
ues in Table 4.5 for algorithm execution time, the execution time for On-Dyn-CDA does
not increase significantly with the number of vehicles, unlike PSO-based algorithms. This
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demonstrates the scalability of the On-Dyn-CDA algorithm.

4.5 Conclusion

Our comparative study of task offloading algorithms highlights the trade-offs between sim-
plicity, optimization, and real-time performance in dynamic computational environments.
FCFS and SDF, while straightforward, struggle to maintain efficiency as task complexity
increases. PSO, when applied in offline and online configurations, demonstrates varying
strengths and limitations. The offline static approach achieves the theoretical optimum,
offering the best possible performance in terms of dropped tasks and latency. However, it
lacks adaptability to dynamic scenarios, making it impractical for real-world applications.
On-Dyn-PSO, while dynamic, suffers from a large execution time that limits its effective-
ness in fast-changing environments. The proposed On-Dyn-CDA algorithm addresses this
gap by achieving 95.58% of the theoretical limit and outperforming On-Dyn-PSO by 3.42%
in terms of dropped tasks, as evaluated on a total of 200 tasks. It also achieves 93.32%
closeness to the theoretical limit for average latency, with a 29.22% improvement compared
to On-Dyn-PSO, based on a total of 200 tasks. On-Dyn-CDA significantly outperforms
both PSO-based models and ML models. It demonstrates a faster execution time than
PSO in the dynamic approach and eliminates the need for training and datasets. Its supe-
rior adaptability and simplicity demonstrate that it is an efficient and scalable solution for
addressing dynamic computational demands. In future work, we plan to focus on energy
optimization and the incorporation of task dependencies to further improve the practicality
and efficiency of the task offloading process. Additionally, we will explore the potential
of ML models, such as RL, and compare their performance with On-Dyn-CDA to identify
optimal solutions for complex and dynamic offloading environments.
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Chapter 5

Meeting Deadlines in Motion: Deep

RL for Real-Time Task Offloading in
Vehicular Edge Networks

VEC drives the future by enabling low-latency, high-efficiency data processing at the very
edge of vehicular networks. This drives innovation in key areas such as autonomous driving,
intelligent transportation systems, and real-time analytics. Despite its potential, VEC
faces significant challenges, particularly in adhering to strict task offloading deadlines, as
vehicles remain within the coverage area of the RSU for only brief periods. To tackle
this challenge, this chapter evaluates the performance boundaries of task processing by
initially establishing a theoretical limit using PSO in a static environment. To address
more dynamic and practical scenarios, PSO, DQN, and PPO models are implemented in an
online setting. The objective is to minimize dropped tasks and reduce E2E latency, covering
both communication and computation delays. Experimental results demonstrate that the
DQN model considerably surpasses the dynamic PSO approach, achieving a substantial
reduction in execution time. Furthermore, It leads to a reduction in dropped tasks by
2.5% relative to dynamic PSO and achieves 18.6% lower E2E latency, highlighting the
effectiveness of DRL in enabling scalable and efficient task management for VEC systems.

5.1 Introduction

MEC significantly enhances vehicular task offloading by enabling vehicles to delegate com-
plex computations to nearby edge servers, rather than relying solely on onboard systems or
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distant cloud infrastructure [19]. By supporting real-time data analysis, MEC helps vehi-
cles operate more intelligently within their surroundings. This integration of edge comput-
ing with connected vehicles forms the foundation for Ubiquitous Intelligence, where smart
decision-making happens seamlessly across the network, contributing to safer and more
adaptive transportation ecosystems. Despite the advantages MEC brings to vehicular task
offloading, several challenges remain, particularly in meeting the strict latency and deadline
constraints of vehicle-based applications. One major issue is ensuring that offloaded tasks
are not only processed quickly but also returned to the vehicle before it moves out of the
coverage range of a RSU [70]. Since vehicles are highly mobile and only stay connected to
an RSU for a short period, any delay in processing or communication can result in missed
deadlines and dropped tasks. Reducing task drop rates is therefore critical. One approach
is to use optimization techniques such as PSO [70]. These methods can help determine the
most efficient order in which tasks should be assigned and processed by edge servers, aiming
to minimize task drop rates [60], [63]. However, a key limitation is that such optimiza-
tion algorithms often require noticeable computational time, making them less suitable
for real-time scenarios where rapid decisions are critical. In particular, the dynamic ver-
sion of PSO tends to cause a higher task drop rate, primarily due to its high execution
time. In contrast, ML models offer a promising alternative for real-time task offloading.
Once trained, ML models can quickly predict optimal or near-optimal task assignments.
Building on the advantages of ML, RL can be even more effective [26]. Unlike traditional
ML models, RL focuses on learning optimal policies for sequential decision-making, rather
than just predicting outcomes. It can improve upon suboptimal behaviors in the data
by reasoning about long-term effects of actions, making it ideal for complex tasks where
decisions impact future outcomes. This work makes the following key contributions:

1. We establish a theoretical limit for task offloading performance in vehicular networks
by implementing PSO in a static and ideal environment.

2. We present a dynamic environment that utilizes a decision window mechanism to
manage incoming tasks prior to MEC availability. The proposed approach prioritizes
reducing the number of dropped tasks while minimizing the E2E latency. Decision-
making within the window relies on a reward function in RL models and on dynamic

PSO.

3. A novel dynamic reward function is employed during the training of DQN and PPO.
The resulting best policy is then tested on a new dataset, eliminating the need for
retraining across different datasets.

In the following sections, Section II reviews related work, Section III presents the pro-
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Table 5.1: Assessment of our work in relation to existing research

Paper Thﬁ?;littlcal Dynamic MTG Training KPI Algorithm
Off | On | AET | Latency | DTN
PSO, Integer Constraint
[111] X ) ) ) X X Relaxation Iterative (ICRI)
Optimal Joint Task offloading
and Resource allocation
algorithm (OJTR), Heuristic
[22] X MATLAB ) ) X X Joint Task offloading and
Resource allocation algorithm
(HJTR)
[71] X Python - X X Deep Meta-RL, DQN
AODAI, ACTO-n, DQN,
7 x - X x SARSA
SMRL-MTO, Policy Gradient,
[16] X DAGGEN - X PPO, DQN
Ours SUMO - Dynamic PSO, DQN, PPO

* MTG: Mobility Trace Generator, Off: Offline, On: Online, KPI: Key Performance Indicator, AET: Algorithm Ezecution
Time, DTR: Drop Task Ratio

posed methodology, Section IV discusses the performance evaluation, and Section V pro-
vides the conclusion.

5.2 Related Work

Extensive research has been conducted on task offloading in MEC to address its inherent
limitations and enhance efficiency. However, a significant challenge persists in meeting the
rapidly increasing demand for ultra-low-latency task processing in IoV environments. To
tackle this, optimization techniques such as PSO have been explored. In one approach,
PSO is used to jointly determine assistant vehicle selection and transmit power in a hybrid
MEC-V2X setting, where tasks can be offloaded not only to RSUs but also to nearby
vehicles [111].

In addition to optimization methods with high execution times, it’s crucial to account
for faster approaches. A recent study tackles this challenge by combining optimization
techniques such as generalized benders decomposition and a low-complexity heuristic algo-
rithm to efficiently minimize task processing delays [22]. RL has also emerged as a powerful
tool for task offloading in MEC due to its ability to make dynamic decisions in complex
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environments. Building on this, an online Deep Meta-RL framework models the offloading
process as Markov Decision Processes (MDPs) to enhance adaptability in B5G/6G-enabled
IoV systems and introduces a two-loop learning approach for fast decision-making [71]. A
recent approach introduces two novel RL-based methods, a value-based AODAI and a
policy-based ACTO-n scheme [7].

Furthermore, a Seq2Seq-based Meta-RL framework can be developed to tackle MTO
in dynamic environments. By framing the offloading process as a series of MDPs and inte-
grating a Bi-GRU encoder with attention mechanisms and a model-agnostic meta-learning
(MAML) approach, this method enables rapid adaptation to changing task structures and
MEC configurations [16]. While these studies provide valuable insights, many do not pro-
vide comparisons to a theoretical limit and the reporting of execution times, both of which
are critical for real-time decision-making. Another important consideration often over-
looked is the number of dropped tasks and the objective of minimizing them. Table 5.1
compares our approach with existing studies, highlighting the gaps that this chapter ad-
dresses.

Our work builds upon our previous research [70], extending it to dynamic environments.
We deploy PSO, DQN, and PPO within a dynamic framework, demonstrating that RL
models not only achieve significantly lower execution times compared to PSO, but also
deliver performance close to the theoretical limit.

5.3 Methodologies under Study

5.3.1 The Offloading Schemes

Based on Figure 5.1, we first introduce Off-Sta-PSO, an offline and static PSO variant
running on SUMO-generated mobility traces, representing a theoretical limit in an ideal
environment. Tasks are handled offline with prior knowledge, excluding execution time. To
explore dynamic scenarios, we implement On-Dyn-PSO, applying PSO online for real-time
task offloading without prior knowledge. Due to PSO’s long execution time, it is unsuitable
for real-time applications, leading us to adopt DQN and PPO for off-policy and on-policy
RL solutions. In dynamic settings, tasks arriving before the earliest MEC availability form
a queue called decision window where the model assigns tasks to minimize dropped tasks
and E2E latency. If a MEC is already available, tasks are assigned immediately, reducing
execution complexity. DQN and PPO models are first trained on randomized SUMO traces
(Baseline model), then tested on the target dataset without retraining (Test-only model)
to ensure generalization, robustness, and efficient deployment.
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5.3.2 The mathematical framework for task offloading
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Table 5.2: Notation table

Parameter | Description
TP Start processing time for task i
TP Processing time for task 4
v Waiting time for task ¢
Ta Arrival time of task ¢ on the RSU
L? Computation Latency of task ¢
S; Size of task 7
T transmission rate for task 7
e Communication time for task i
Lg% End-to-end latency for task i
Tij Binary decision variable for assigning task i to MEC j
D Number of dropped tasks
N Total number of tasks
M Total number of MEC servers
I The time when MEC j becomes available
T Earliest MEC availability time
i Arrival time of task [
T zﬁ The deadline of task [ in subset y
T yf} Remaining time in the RSU range for task [ in subset
Y
Typl Processing time required for task [
ggvl Time gap related to task [ in subset y
R;l Latency-based reward for assigning task [ in subset y
R;yl Drop-task reward for assigning task [ in subset y
RyTJ Total reward for assigning task [ in subset y
T The complete collection of tasks in the simulation
S The collection of tasks within a decision window
Qy The set of tasks within a decision window that can be

processed and returned before their deadlines

(Table 5.2 continues on next page)
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Parameter | Description
S¢ The state of the system at time ¢
ay The action taken at subset y
Al(y) The complete set of possible actions for subset y
P(y) The processing time for all tasks within subset y

Computation Latency

Since we have M MEC servers, the first M tasks are assigned to a server and begin
processing as soon as they arrive at the RSU, denoted by 77", while the start processing
time 7T;” for the remaining tasks is set to the moment their preceding task has finished
processing. Furthermore, the task processing times T} correspond to the inference times
reported in [91]. The notations employed in the mathematical formulas are detailed in
Table 5.2. Most tasks experience a waiting time 7}¥ at the RSU before being processed.

Based on (5.1), the computation latency L for each task is the sum of its processing time
and waiting time.

LP =17+ (" = T}") (5.1)
v

(3

Communication Latency

During transmission, if multiple tasks within the RSU’s range are offloaded simultaneously,
the available bandwidth is shared among them. In such cases, the bandwidth allocated to
each task is proportional to its size [70]. However, if a task is transmitted individually,
it can utilize the entire available bandwidth. Based on our study in [70], sharing the
bandwidth can slightly reduce transmission latency compared to using a fixed bandwidth
allocation. The set of concurrent tasks is defined as:

N ={i=1... N |Ti=T} (5.2)

T; denotes the offloading time when task i becomes ready for transmission, while T repre-
sents the offloading time at which all tasks in A are ready to be offloaded. Additionally,
N’ represents the total number of tasks in set A/. The bandwidth assigned to task i is
calculated using (5.3). This bandwidth is further used to calculate the transmission rate,
r;, which is needed to determine the transmission time.
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S

Bmax * /i N, > 1
B, = =Y, s (5.3)
Biax N =1

Where S; represents the size of task i. The data rate, r;, is defined in (5.4), with p
indicating the transmission power, g referring to the channel gain, and ny denoting the
noise power density.

r; = B; - log, (1 + M) (5.4)

)

To calculate the communication time 77™ we require this transmission rate ;. We
assume that downlink communication is identical to uplink communication. As defined
in (5.5), the E2E latency is the sum of the computation latency and both communication
times T7™.

S;
L =LP+(2x =) (5.5)

Dropped Tasks

A task is assigned to a MEC server only if its E2E latency does not exceed its deadline. If
a task cannot meet this condition, it will be dropped. This assignment is represented by a
binary variable z;; as illustrated in (5.6).

Ty (5.6)

1 if task ¢ is assigned to MEC j
0 otherwise

Optimization Problem

Our goal is to minimize dropped tasks D first, then reduce E2E latency for remaining
tasks. The objective function (5.7) balances these factors, with A controlling the emphasis
on latency and (1 — \) prioritizing dropped task reduction. A is set empirically through
iterative testing to favor D.
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N M
min | A ZZLQZG- gl +a=x %Z 1) (5.7)
j=1i=1 i=1 j=1

D

According to constraint (5.8), each task can be assigned to and processed by only one
MEC server.

M
j=1

Real-Time Approach

To process tasks in real time, it is necessary to determine the availability of MEC servers
after each assignment, which is computed according to (5.9).

T = (TP +1TP) -z Yy (5.9)

J

Let T = {tq,ts,...,tn} represent the set of all tasks generated within the simulation.
Once each task is assigned to a MEC server and all servers’ availability times are updated,
a decision window is formed. This decision window consists of all tasks that are waiting
to be offloaded and is represented as S = {t;,,ti,, ..., ti, } where W is the total number of
tasks in S, while S C T'. A subset of tasks (), within the decision window S is considered
for assignment. These are tasks that arrive before the earliest availability and are not
assigned yet. The subset ), is defined mathematically as:

Qy={t, €S|1<I<W, Tp <T¥ Tp<T)¥-TFr T},

where t,, is the task at position 1 in window y.

Reinforcement Learning

The definitions of state and action spaces in the RL model are as follows:
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State Space It represents the current status of the system, which includes:

o {T}IL,: Availability times for all M MEC servers.

o {T2 TD b }Wsl, —1: Characteristics of tasks in the set of @),.

YTy

At time t, the system state is represented as:

av ar s Wy
so= (AT P AT TR T 1

YTy

Action Space The action space defines the possible assignments for tasks in a subset
y. The action a, selects which specific task from the subset @), should be offloaded.
Mathematically, this is represented as:

ay € {1,2,..., W}, a,=1 <= assign task ¢,,,

The full action space, denoted as A(y), is given by:

Aly) ={1,2,...,W,},

where W, represents the total number of tasks in the subset Q).

Reward Function The reward mechanism in the RL model is composed of two comple-
mentary components, designed to balance two objectives, latency and dopped tasks.

Drop-Task Reward To encourage timely task assignment, a time gap 93,1 is calculated
for each task ¢,, in the subset y. This is based on the difference between the task’s deadline
and the MEC server’s earliest availability time:

gy =T, =T, Vy,l.

The total time gap for all tasks in the subset y, denoted Gg, is computed as:

Wy
=> 9 Yy
=1
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Finally, the reward for assigning a specific task ¢,, at window y is defined as:

100 ~

d _ d_ d
Ry,l - @ : (Gy - gy7l)’ vy’ l)

Y
where 9;1 represents the time gap associated with the task selected by the RL algorithm.
This formulation ensures that tasks with tighter deadlines relative to the MEC’s availability
are assigned a higher priority.

Latency-Based Reward The cumulative processing time for all tasks in the subset ,
denoted as L,, is then:

Wy
Py = Z Tgi? Vy,
=1

The reward for assigning a specific task t,, at window y is formulated to encourage the
minimization of latency:

100 ~
=75 (B =T7), vyl

Y

This formulation ensures that tasks with lower computational latencies are prioritized,
promoting efficiency in the assignment process. R;/F,z’ the total reward for assigning t,, at
window y, is formulated as (5.10).

R, =Rj, + Ry, Vy,l (5.10)

yl =

5.4 Performance Analysis

5.4.1 Experimental Setup

SUMO generates mobility traces with two MEC servers embedded on an RSU. Task dead-
lines are derived from Euclidean distance at offloading, arrivals follow a Poisson distri-
bution, and task size depends on image resolution [91]. Workloads of 50, 100, and 200
tasks simulate varying traffic conditions. Simulation, PSO, and RL model parameters are
configured based on [40,62,69,70,105], summarized in Table 5.3.
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Table 5.3: Parameters values

Parameters Value
Max bandwidth 20 Mhz
A 0.4
Personal & global learning coefficients | 1.49
DQN learning rate 0.0001
PPO learning rates of actor and critic | 0.0003
DQN discount factor 0.9
PPO discount factor 0.95
T T T
120001 Raw (Baseline PPO)
—— Smoothed (Baseline PPO) PAAAAN Al
115001 Raw (Baseline DQN) “
11000 —— Smoothed (Baseline DQN) IJ\/\/\/‘W
AV
: [
© 10500
UM
10000 %@C
9500 "‘*V
9000
0 500 1000 1500 2000 2500
# Episodes

Figure 5.2: Reward Values for RL models

5.4.2 Numerical Results

Figure 5.2 illustrates the reward values for DQN and PPO over 2500 training episodes. Both
DQN and PPO begin with rewards near 10,000, but PPO initially declines while DQN re-
mains steady. After 1000 episodes, DQN progresses more rapidly, achieving higher rewards
than PPO. Overall, DQN delivers stronger and more consistent performance. Moreover,
Figure 5.3 shows the optimization objective function values for Test-only both DQN and
PPO, alongside other algorithms for comparison. In a dynamic setting, only the final
sum of the best objective values from each run is reported. Similarly, since Test-only RL
models are deployed for a single episode, their objective values remain constant. DQN
demonstrates stronger performance, achieving an objective value closest to that of Off-Sta-
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PSO (theoretical limit). All key performance metric values are averaged across 10 runs.
The variation across runs indicates that even slight differences in decision-making can re-
sult in different tasks being dropped or processed, leading to significant changes in E2E
latency and waiting time. Figure 5.4 presents the drop task ratio for all algorithms under
varying numbers of vehicles. The results show that Test-only DQN performs close to the
theoretical limit and outperforms both On-Dyn-PSO and PPO. Similarly, the average E2E

85




141 %
— 1
@121
o
5101 1
5
w 8
iy
o 6 — FCFs
3 — SDF
S 4 —— Off-Sta-PSO
< —— On-Dyn-PSO
21 — DQN
PPO
0 -

60 80 100 120 140 160 180 200
Number of Vehicles

Figure 5.5: Average E2E Latency

103
0
(0]
£
F 107
oy
°
5
()
2 101
X 10
I
=
=]
g 109 —— On-Dyn-PSO
= — DQON
PPO

60 80 100 120 140 160 180 200
Number of Vehicles
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latency results are shown in Figure 5.5. This indicates that Test-only DQN continues to
outperform On-Dyn-PSO, which struggles to maintain performance under a high number
of vehicles. This is primarily due to the high execution time of On-Dyn-PSO. Compared
to PPO, DQN results in lower E2E latency as well. Due to the small magnitude of the
original execution times, their logarithmic values are presented in Figure 5.6 for more ef-
fective comparison. The values show that RL methods are faster than Dynamic PSO,
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which reduces the extra waiting time added due to algorithm execution, and as a result,
leads to fewer dropped tasks. Among the RL approaches, DQN runs faster than PPO and
also achieves better overall performance, making it the best trade-off between speed and
effectiveness. For better model comparison, average waiting times are shown in Figure 5.7.
These results are also reported for FCFS and SDF, serving as benchmarks. Execution time
details for Test-only PPO and DQN models are found in Table 5.4.

Table 5.4: Total and Per-Window Execution Times for Test-only DQN and PPO

Algorithm Total Execution Time Number of Decision Windows Average Execution Time (s)
50 Vehicles | 100 Vehicles | 200 Vehicles |50 Vehicles|100 Vehicles| 200 Vehicles|50 Vehicles | 100 Vehicles | 200 Vehicles

Test-only DQN 0.28 1.6 10.62 20 62 178 0.014 0.026 0.06

Test-only PPO 0.46 3.55 24.78 20 64 177 0.023 0.056 0.14

5.5 Conclusion

This study tackles real-time task offloading in vehicular networks by evaluating heuristic
and RL models. Key contributions include establishing a theoretical limit with static PSO,
proposing a dynamic decision window to reduce dropped tasks and latency, and training
DQN and PPO with dynamic rewards for policy transfer without retraining. The proposed
DQN model significantly outperforms the On-Dyn-PSO, achieving a significant reduction
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in execution time, as well as 18.6% lower E2E latency and 2.5% fewer dropped tasks.
Notably, the DQN model achieves performance that is closest to the optimal benchmark
in terms of both E2E latency and the drop task ratio. Compared to PPO, DQN offers
a 57.1% decrease in execution time, as well as 5.7% lower E2E latency and 1.7% fewer
dropped tasks. To ensure the reliability of results, we conduct multiple independent sim-
ulation runs and report averaged outcomes with standard deviations. Our RL models are
evaluated in a separate ”Test-only” phase on unseen mobility traces to confirm general-
ization. All models are tested under identical task and network conditions, and inference
is performed with deterministic policies, eliminating variance from exploration. These
practices collectively ensure statistical validity, consistency, and real-world relevance of the
results. DQN outperforms PPO because it handles discrete, window-based task selection
more efficiently, while PPO is better suited for continuous action spaces and requires more
samples to stabilize. In future work, we plan to consider deploying additional models that
require no training and offer faster execution, and explore task partitioning techniques
using RL methods.
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Chapter 6

Conclusion and Future Directions

VEC has emerged as a promising paradigm to meet the computational and latency re-
quirements of connected vehicles by enabling offloading of intensive tasks to nearby edge
servers or peer vehicles. However, achieving efficient, scalable, and real-time task offloading
in VEC environments remains a significant challenge due to dynamic task arrival rates,
limited resources, variable network conditions, and the need for fast decision-making. This
thesis is motivated by the critical need to optimize task offloading strategies in VEC to
ensure low latency, high reliability, and efficient resource utilization. The primary prob-
lem addressed in this research is how to design and evaluate intelligent task offloading
mechanisms that can adapt to dynamic and heterogeneous vehicular environments with-
out compromising on performance or scalability. To address this problem, the following
key research questions are posed:

e How can task partitioning and bandwidth sharing improve the efficiency of task
offloading in VEC systems?

e What are the trade-offs between deterministic, metaheuristic, and cost-based offload-
ing algorithms in terms of performance, adaptability, and execution time?

e Can RL be effectively applied to real-time task offloading, and how does it compare
to traditional approaches under dynamic conditions?

Through the design and evaluation of various models and algorithms across three core
chapters, this thesis has systematically explored these questions. The following sections
summarize the chapter-wise contributions, highlight the key findings, and discuss future
directions for advancing research in this domain.
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6.1 Concluding Highlights

In our research, we explicitly account for the dynamic topology and association patterns
characteristic of VEC by incorporating mobility-aware scheduling and offloading strategies.
Rather than just assuming static or persistent connections, we model task offloading and
resource allocation with respect to frequently changing links between vehicles and RSUs.
This includes considering factors such as vehicle speed, predicted trajectory, and link dura-
tion when making scheduling decisions. Furthermore, we evaluate algorithms in real-time
settings to examine how well they adapt to changes in connectivity and association. This
is done by introducing a decision window mechanism, which adapts to the real-time and
evolving characteristics of tasks as they are generated by the simulation application. By
doing so, our work reflects the transient and location-sensitive nature of VEC, ensuring
that proposed solutions remain effective under realistic mobility and network dynamics.

Chapter 3 demonstrates that both task partitioning and bandwidth sharing can en-
hance VEC performance. In particular, guaranteed task completion is achieved through
task partitioning, where tasks are divided into subtasks that are intelligently distributed
between local execution on vehicles and offloading to edge servers. This collaborative pro-
cessing approach improves resource utilization, reduces latency, and ensures reliable task
completion. Notably, the partitioning approach significantly outperforms MEC-only sce-
narios, eliminating task drops in a 200-task simulation, where the MEC-only setup drops
109 tasks. While shared bandwidth slightly improved task handling over fixed bandwidth,
partitioning proved more effective in reducing both dropped tasks and average E2E latency.

Chapter 4 compares deterministic-based (FCFS, SDF) and metaheuristic-based (PSO)
offloading methods under both static and dynamic settings. It reveals that while FCFS
and SDF are simple, they falter under complex task loads. Offline PSO reaches theoretical
optimums but lacks real-time applicability. The proposed On-Dyn-CDA algorithm bridges
this gap by achieving 95.58% of the optimal performance in dropped tasks and 93.32% in
latency, while outperforming On-Dyn-PSO by 3.42% in terms of reduced task drops and
29.22% in latency. It also achieves much faster runtime performance than On-Dyn-PSO
and avoids the need for training, proving its scalability and efficiency.

Focusing on real-time task offloading, Chapter 5 explores RL models with adaptive
reward structures. Specifically, it applies DQN and PPO algorithms to enable online
scheduling in highly dynamic vehicular environments. These models learn to make offload-
ing decisions based on changing network conditions, task deadlines, and vehicle mobility,
aiming to maximize deadline satisfaction while minimizing latency. By continuously adapt-
ing to environmental changes, the RL-based approach supports robust and efficient task
management in motion. The DQN model achieves remarkable gains, with a considerable
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reduction in execution time and improved latency and task drop rates compared to On-
Dyn-PSO. Against PPO, DQN reduces latency by 5.7%, drops by 1.7%, and execution
time by 57.1%. DQN’s discrete action handling and efficient sample use make it better
suited for VEC scenarios than PPO.

This research shows that optimization methods like PSO are effective in static or of-
fline settings, where task arrivals and system states are fully known in advance. In such
cases, they can provide near-optimal scheduling decisions by exploring a wide solution
space. However, due to their high computational cost and long execution times, they are
less suitable for real-time vehicular environments. In contrast, RL approaches like DQN
demonstrate strong performance in dynamic and time-sensitive scenarios. Once trained,
RL models can make fast, adaptive decisions in response to changing network conditions
and vehicle mobility, making them better suited for real-time task offloading in VEC.

6.2 Future Directions and Open Issues

Building on the findings of this thesis, several promising directions can be pursued to
enhance VEC systems further. Below, we outline future work and open challenges.

Future research will focus on incorporating energy-aware offloading strategies to reduce
power consumption, which is especially important in resource-constrained VEC environ-
ments. Beyond energy optimization, adopting a multi-objective approach that combines
energy consumption, latency, and task drop rate into a unified objective function will help
better reflect real-world trade-offs.

While the proposed On-Dyn-CDA algorithm demonstrates strong performance, there
are several areas for further improvement. One key direction is to address task dependen-
cies, as the current model assumes that all tasks are independent. Including inter-task
relationships would make the scheduling process more realistic and complex. Finally, scal-
ability testing on larger and more diverse vehicular networks will be crucial for validating
the model’s effectiveness in more demanding environments.

While the DQN model shows strong performance, it still requires an initial training
phase. Future research could explore training-free or lightweight alternatives, such as
rule-based RL or few-shot learning methods, to reduce training time and computational
costs. Another promising direction is extending RL techniques beyond task selection to
include task partitioning, enabling more comprehensive and intelligent offloading solutions.
Additionally, hybrid methods that combine RL with metaheuristic techniques, such as a
DQN combined with PSO, may yield better performance and adaptability.
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