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Abstract

Future wireless networks are expected to support increasingly diverse, data-intensive,
and latency-critical applications driven by massive deployments of Internet of things (IoT)
devices. As dynamic traffic grows across next-generation wireless systems, efficient resource
optimization becomes essential to ensure reliability, scalability, and timely decision-making.
Traditional optimization techniques, while mathematically rigorous, often suffer from high
computational complexity and limited adaptability in large-scale heterogeneous environ-
ments. In contrast, machine learning has emerged as a powerful alternative for resource
optimization in future wireless networks. This thesis leverages insights from recent sur-
vey findings on ML-based resource optimization, particularly within federated learning (FL)
environments, to design adaptable optimization frameworks suited for dynamic wireless sys-
tems.

Building upon this foundation, the thesis presents three increasingly capable uncrewed
aerial vehicle (UAV)-assisted FL frameworks. First, we develop a UAV-aided FL (UAFL)
system that mitigates the straggler effect by offloading partial datasets from resource-
constrained IoT devices to UAV-mounted mobile edge computing (MEC) servers. We formu-
late a system-delay minimization problem under computation, communication, and quality
of service (QoS) constraints, solving it using epigraph transformation, deterministic simplex
optimization, and deep reinforcement learning (DRL) for improved run-time performance.

Next, we propose a hierarchical queue-based UAV-aided FL framework. The system in-
troduces multi-queue architectures at IoT devices, follower UAVs, and leader UAVs to man-
age irregular data arrivals and heterogeneous processing capabilities. We apply Lyapunov
drift-plus-penalty optimization to stabilize queues and minimize delay by decomposing the
problem into sequential quadratic programming (SQP)-solvable subproblems. Simulation
results demonstrate significant improvements in delay reduction, queue stability, and overall
system throughput compared to standard FL. and UAFL.

Finally, we extend the hierarchical system by integrating generative adversarial networks
(GANS) to counter the impact of non-independent and identical data (Non-IID) data across
distributed devices. Offloaded datasets are utilized to train distributed GANs at follower
UAVs, while aggregated generator models at the leader UAV produce synthetic samples
that enhance data diversity. This GAN-augmented HUAFL framework improves model

accuracy, accelerates convergence, and maintains queue stability within a UAV-MEC-assisted
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architecture. Experimental results show that this integrated approach outperforms baseline
FL, hierarchical FL, and UAFL across accuracy, latency, and resource utilization metrics.
Overall, this thesis presents a unified, scalable, and computation-efficient set of frame-
works for FL in mission-critical IoT environments. By integrating ML-based resource opti-
mization, hierarchical queuing, and GAN-based data augmentation, the proposed approaches

advance the state of UAV-assisted edge intelligence for next-generation wireless networks.
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Chapter 1

Introduction

The rapid expansion of the Internet of things (IoT), autonomous systems, and intelli-
gent sensing platforms has transformed the landscape of future wireless networks. Mod-
ern mission-critical applications, such as forest fire monitoring, flash flood detection, border
surveillance, environmental sensing, and wildlife tracking, require the ability to collect, pro-
cess, and transmit large quantities of real-time data under stringent latency and reliability
constraints. These systems are commonly deployed in remote, harsh, or infrastructure-
limited environments, where stable connectivity remains uncertain.

Recent real-world disasters, such as the severe flash flood in San Diego in 2024 that led to
hundreds of deaths and displaced more than 800 individuals [1], and the 2025 flash floods in
Texas [2] that caused even more damage, demonstrate the need for timely and accurate real-
time decision-making. Early detection in such scenarios relies on geographically distributed
[oT devices capable of continuous monitoring. However, placing fixed ground-based base
stations in large forested or mountainous regions is economically infeasible and operationally
inefficient because these areas usually require high connectivity only during specific seasons
or extreme weather conditions while remaining idle for the rest of the year.

To overcome these limitations, the integration of uncrewed aerial vehicles (UAVs) into

future wireless networks has emerged as a promising solution [3,4]. UAVs offer flexible



coverage, rapid deployment, mobility, and the ability to cover large geographical areas,
making them ideal for supporting IoT deployments in these remote regions. When equipped
with mobile edge computing (MEC) capabilities, UAVs can perform localized processing,
caching, and computation, thereby reducing latency and minimizing the computational load

on spatially distributed on-ground IoT devices.

1.1 Distributed Learning in UAV-Assisted IoT Net-
works

As IoT deployments scale, traditional centralized machine learning becomes increasingly
impractical. Sending raw data to a central server results in high communication costs,
especially when datasets are large. It also raises privacy and security concerns because
sensitive information must be transmitted over the network. In addition, many remote or
resource-constrained environments lack the bandwidth and computational capacity required
to support such centralized processing. Federated learning (FL) has emerged as an effective
choice [5] in these scenarios for decision making. In FL, data remains on each IoT device, and
only model updates or gradients are shared with an aggregation server. This preserves data
privacy, reduces communication cost, and enables learning over geographically distributed
datasets. However, despite these advantages, practical implementations of FL still faces

several fundamental challenges:

o Straggler Effect: Devices in a federated network exhibit heterogeneous comput-
ing power, dataset sizes, and battery levels. Devices with insufficient computational
resources or larger datasets become “stragglers,” extending local training time and

delaying global model aggregation [6].

e Resource Constraints: Both IoT devices and UAV-MECs operate under strict en-

ergy budgets. Long-term participation in FL without optimization reduces battery



life, potentially leading to unavailability during critical monitoring periods.

o« Communication Bottlenecks: IoT devices and UAVs operate over unstable wireless
channels. Issues such as fading, shadowing, interference, and path loss create commu-
nication bottlenecks, particularly when hundreds of devices simultaneously attempt to

transmit updates.

« Non-independent and identical data (Non-IID) Data: Data collected from
distributed sensors in different geographic locations is often Non-IID. This causes slow

convergence and degrades global model accuracy.

Various strategies have been proposed to mitigate these challenges, including partial
offloading of local datasets to MEC servers [7,8] and dynamic device selection [9,10]. Never-
theless, integrating these mechanisms into UAV-assisted networks remains challenging due
to the inherent mobility limitations, energy budgets, and fluctuating connectivity associated
with UAVs. When UAVs are equipped with MEC capabilities, they become natural can-
didates for offloading in FL-enabled environments. However, due to their limited power,
computational resources, and flight time, it becomes crucial to optimize these offloading
decisions. This motivates the need for a holistic framework that jointly optimizes offloading
decisions, minimizes system delay, and ensures sustained performance in realistic mission-
critical deployments. These limitations highlight the necessity for a structured, hierarchical

and queue-aware FL approach, which we introduce in the following section.

1.2 Hierarchical and Queue-Aware FL

To address the inherent limitations of single-layer FL, hierarchical federated learning (HFL)
has been introduced [11]. While conventional FL relies on a single aggregation layer, HFL
introduces a multi-tier structure in which follower UAV-MECs act as intermediate servers
and aggregate model updates before forwarding them to a leader UAV in FL iterations. This

architecture brings several advantages:



« Reduced Communication Load: Local updates from connected IoT devices are

aggregated at intermediate UAVs, reducing uplink communication.

o Better Scalability: This multi-hop aggregation enables the system to scale to hun-

dreds of IoT devices.

« Mitigated Straggler Effects: Workload is distributed across multiple tiers, reducing
the number of direct IoT to leader UAV transmissions and reducing computation

bottlenecks.

« Enhanced Robustness: Failure of individual devices or UAVs does not compromise

the entire training pipeline.

Despite its strengths, HFL becomes significantly more complex when real-world data
generation patterns are taken into account. IoT devices typically generate dataset records
asynchronously, triggered by environmental conditions or events. Consequently, the arrival
of data to be processed follows a stochastic and irregular pattern. Ignoring this randomness
leads to inaccurate delay models and underestimates system bottlenecks.

Queueing theory provides a natural framework to incorporate these stochastic arrivals
by modeling data arrivals, service rates, buffer capacities, and scheduling decisions. Using
queues, we can (i) characterize the temporal evolution of local and offloaded datasets, (ii)
ensure timely processing of mission-critical information, (iii) perform realistic delay analysis,
and (iv) optimize resource allocation based on queue backlogs. Integrating queueing with
HFL forms a queue-aware hierarchical FL pipeline capable of handling dynamic data arrivals,
heterogeneous device capabilities, and fluctuating network conditions. This queue-aware
formulation establishes the foundation upon which we next address the challenges of Non-

IID data and the resulting accuracy degradation using GAN-based augmentation.



1.3 Addressing Non-IID Data and Accuracy Degrada-

tion via GANSs

A major challenge in distributed FL systems is the inherent Non-IID nature of data col-
lected across IoT devices. Sensors placed in different locations, for example, flood-prone
versus fire-prone forests, observe entirely different patterns, leading to imbalanced datasets.
This regional bias degrades global model accuracy and leads to slow convergence, particularly
in classification tasks. Generative adversarial networks (GANs) have emerged as a powerful
method for synthetic data generation and augmentation. Recent studies have explored their
use in distributed and federated environments [12-14]. Incorporating GANs into HFL, we
can augment underrepresented classes, balance dataset distributions across regions, improve
model generalization, reduce the number of global iterations required for convergence, and
mitigate the impact of rare or infrequent events. The integration of GANs into HFL is par-
ticularly beneficial for mission-critical applications, where occasional events (e.g., early signs
of a flood or fire) must be detected despite their scarcity. However, combining GANs with
HFL introduces new challenges related to UAV energy consumption, computational load,
and training delay. This motivates the need for comprehensive system design and optimiza-
tion strategies to balance improvements in accuracy with overhead. These considerations
naturally lead to the broader question of how machine-learning-driven resource optimization
can efficiently support such enhanced learning pipelines in future wireless networks, which

we explore next.

1.4 Machine Learning Based Resource Optimization in

Future Wireless Networks

Future wireless networks (fifth-generation (5G), post-5G, and sixth-generation (6G)) are

characterized by ultra-dense deployments, massive connectivity, and extreme performance



requirements. Efficient resource optimization involving spectrum, energy, bandwidth, and
computation is consequently essential. Traditional optimization techniques often lack adapt-
ability and scalability under dynamic environments. Machine learning (ML)-based resource
optimization [15-18] provides this essential flexibility. It can be used for autonomous learn-
ing of optimal resource allocation policies, prediction of future traffic patterns and proactive
adaptation, high-precision estimation of channel conditions, reduction of energy consump-
tion through intelligent scheduling, improved load balancing and congestion control, among
others.

Our work systematically analyzes these developments, categorizing resource optimiza-
tion approaches according to the level of machine learning integration and identifying open
research challenges. These insights form a foundational layer for the frameworks proposed
in this dissertation, motivating the need for machine learning-driven optimization across all

tiers of UAV-assisted FL systems.

1.5 Problem Statement

We propose a UAV-assisted federated learning (UAFL) framework where we utilize UAV-
MEC computation capacity to process a portion of the datasets from straggling devices to
decrease overall system delay. In many real-world IoT deployments, such straggling behavior
is common due to heterogeneous device capabilities, varying energy levels, and inconsistent
wireless connectivity. By offloading part of the workload to UAV-MEC servers, the overall
convergence time of the FL process can be significantly reduced. To achieve this, we for-
mulate an optimization problem aimed at minimizing system delay while considering UAV-
MEC computation power, loT devices’ computation and communication power, and quality
of service (QoS) constraints. This optimization ensures that task allocation between local
IoT processing and UAV-assisted computation is dynamically adjusted to achieve minimal

end-to-end delay.



To further enhance system performance, we propose utilizing multiple UAVs instead of
a single UAV to cover a larger area populated with IoT devices participating in FL. To
address this, we establish a hierarchical structure in which one UAV is designated as the
leader UAV, responsible for aggregating updates from all follower UAVs. Each follower UAV
aggregates model weights from its associated IoT devices and forwards them to the leader
UAV. The leader UAV performs global aggregation and broadcasts the updated global model
back to the follower UAVs, which subsequently distribute the model to their connected
[oT devices. This hierarchical aggregation approach ensures global consistency, reduces
communication overhead, and maintains a structured synchronization pattern across widely
distributed UAVs.

We further aim to improve UAFL performance by integrating Generative Al (Gen-Al)-
based data augmentation to enhance and balance the dataset. In our system, data generation
is realistically assumed to be stochastic, leading to an imbalanced and sparsely represented
dataset. Such conditions limit the effectiveness of conventional optimization models, espe-
cially those relying on frequent occurrences of certain classes or system states. Our Gen-Al
approach generates additional representative samples and ensures a more balanced distribu-
tion across dataset classes. This design choice benefits the system in two important ways.
First, it improves model accuracy for resource optimization by enabling training on a more
balanced dataset. Second, it enables the use of more sophisticated machine learning mod-
els for resource allocation and system optimization, which were previously infeasible due
to limited data availability. Additionally, the enriched dataset helps the system effectively
learn complex edge-case behaviors, improving robustness under rare failures or unpredictable

network conditions.



1.6 Thesis Objectives

The objective of this thesis is to investigate resource optimization in the UAV-MEC en-
vironment by leveraging the spare computation capacity available on MEC servers. The
primary goal is to enhance network performance by offloading and processing a portion of
the training dataset from resource-constrained IoT devices to UAV-MECs servers, thereby
reducing system-wide delay during FL training. In this work, we formulate an optimiza-
tion problem that considers both communication and computation constraints to efficiently
utilize resources and minimize overall latency.

We consider a UAFL environment consisting of K number of IoT devices and () number
of UAV-MEC servers. The k-th [oT device has its dataset C} that consists of input-output
pairs (x;,y;), where z; are input features, while y; are output labels. The k-th IoT device has
a convolutional neural network (CNN) where it runs stochastic gradient descent [19] on its
dataset using loss function f(wy) = loss(z;, y;; wk) to generate model parameters wy. Differ-
ent straggling IoT devices offload their datasets based on their computation requirements to
the g-th UAV-MEC server which combines and processes all offloaded datasets on its CNN.
Then, it sends these computed model parameters wéj to the global FL model at the primary
aggregation UAV-MEC server to incorporate the effect of offloaded data on the global FL

neural network.

« Objective-1: We propose a UAV-aided FL framework (UAFL) aimed at minimiz-
ing system latency by optimizing the communication and computation power of loT
devices, alongside optimizing computation power for the UAV-MEC server and offload-
ing dataset sizes for various loT devices to reduce computation and communication
delays. Additionally, we introduce device importance into the UAFL framework and
formulate an optimization problem to minimize delay while considering power, offload-
ing, and QoS constraints. To solve this problem, we employ deterministic concurrent

simplex with root relaxation (traditional optimization) to improve system delay, sup-



plemented by a reinforcement learning-based solution to enhance runtime complexity.
Simulation results demonstrate the performance of the proposed UAFL framework and
reinforcement learning-based solution compared to traditional FL [20] and edge-based
learning systems [21], with UAFL demonstrating superior performance. Furthermore,
we provide simulation results to investigate the impact of device importance and device

dropout on system performance.

Objective 2: We propose employing multiple UAVs, rather than a single one, to
extend coverage over a larger area containing IoT devices for FL. However, this in-
troduces a challenge concerning consistency, as the utilization of multiple UAVs may
compromise model optimization. To address this concern, we propose implementing
a hierarchical structure among the UAVs, designating one UAV as the leader UAV
responsible for aggregating updates from follower UAVs. Each follower UAV collects
model weights from its associated devices and forwards them to the leader UAV. Subse-
quently, the leader UAV aggregates these weights from follower UAVs and disseminates
global weights back to each follower UAV which then distributes these weights to all

connected IoT devices.

Objective-3: We propose enhancing the performance of UAFL by integrating Gen-Al
to refine and balance our dataset. Within our system, the collected dataset becomes
imbalanced because not all [oT devices receive data samples from every class, resulting
in certain classes becoming underrepresented in the aggregated dataset. We utilize a
Gen-Al-based approach to improve the dataset with additional samples and achieve
a more balanced distribution across its various classes. This mechanism improves
system performance in two ways. Firstly, it enhances model accuracy for resource op-
timization by leveraging a more balanced dataset during training. Secondly, it enables
the utilization of other machine learning models for resource optimization that were

previously impractical due to their dependency on large volumes of data.



1.7 Thesis Contributions
This dissertation addresses these gaps with four major contributions:

e Contribution 1: We provide a comprehensive survey on machine learning-driven
resource optimization techniques for future wireless networks, with particular empha-
sis on emerging UAV-assisted, FL-enabled, and edge-computing architectures. The
survey systematically reviews state-of-the-art works in computation offloading, energy
optimization, and intelligent resource scheduling, highlighting their applicability, lim-

itations, and future potential.

o Contribution 2: We present a comprehensive computation offloading and delay min-
imization framework for UAV-assisted FL, specifically designed to mitigate the strag-
gling effect in heterogeneous IoT environments. The framework leverages the excess
computation capacity available at UAVs-MECs servers to process a portion of the train-
ing datasets from resource-constrained IoT devices that would otherwise slow down
global model convergence. Our formulation incorporates both communication and
computation constraints, ensuring efficient task distribution between local processing
and UAV-assisted computation. By optimizing computation power, communication
power, and dataset offloading ratios, we propose a delay-sensitive FL. mechanism to

reduce system-wide latency.

o Contribution 3: We develop a queue-based hierarchical FL architecture that inte-
grates a multi-tier network of UAVs-MEC servers with stochastic data arrivals from
underlying [oT devices. This architecture models the dynamics of data generation,
processing, and offloading using multiple interconnected queues at the 10T, follower
UAV, and leader UAV. We employ a hierarchical FL structure, with follower UAVs per-
forming local aggregation and a leader UAV conducting global updates. The proposed

framework ensures scalability, improved synchronization, and enhanced robustness in
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ever-changing incoming data flows. This proposed architecture demonstrates that hi-
erarchical FL. combined with queue-based data scheduling can further optimize delay

and performance in large-scale UAV-assisted edge networks.

o Contribution 4: We propose a GAN-enhanced hierarchical FL framework that im-
proves learning accuracy in highly Non-IID and imbalanced dataset environments while
simultaneously optimizing system iteration delay. By employing GAN, we add gener-
ated samples from underrepresented classes, thereby balancing the dataset and reduc-
ing the adverse effects of skewed data distributions. The GAN is trained on the follower
UAVs-MEC and leader UAV-MEC using the datasets offloaded form IoT devices to fol-
lower UAV-MECs. This augmented dataset contributes to more accurate local updates
sent to the leader UAV. This contribution demonstrates how augmenting hierarchical
FL with intelligent data generation enhances robustness, accelerates convergence, and
improves the reliability of model updates, especially in settings characterized by rare

events and sparse observations.

1.8 Thesis Organization

The remainder of this thesis is organized as follows:

Chapter 2 — Background and State of the Art: Provides essential background
and a focused review of related research on machine learning-based resource optimization
in next-generation wireless networks. This chapter examines the most common objective
functions, system constraints, and machine learning algorithms applied to resource allocation
problems. Furthermore, it categorizes optimization strategies into comprehensive, partial,
and environment-only solutions, and concludes with open research challenges particularly
relevant to UAV-assisted and FL-enabled edge intelligence.

Chapter 3 — UAV-Aided Edge FL: System Model, Optimization, and Per-

formance Evaluation: This chapter presents the proposed UAFL framework. It intro-
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duces the system model where straggling IoT devices offload portions of their datasets
to UAVs-MECs servers for reduced computation delay. The chapter formulates the joint
communication—computation optimization problem incorporating UAV-MEC computation
power, device communication budgets, and QoS constraints. Both deterministic optimiza-
tion, using concurrent simplex with root relaxation, and reinforcement learning-based so-
lutions are developed to minimize end-to-end system delay. The chapter also provides a
performance evaluation, comparing the proposed UAFL scheme with standard FL and edge-
learning baselines. Results further analyze the effect of device selection, device importance,
training efficiency and convergence.

Chapter 4 — Hierarchical UAV-Assisted FL Architecture: This chapter in-
troduces a queue-aware hierarchical FL architecture incorporating multi-tier UAVs-MEC
servers. The proposed architecture comprises of IoT devices, follower UAVs responsible
for local aggregation and a leader UAV responsible for global aggregation, enabling FL
across wider geographical areas. We detail hierarchical communication and aggregation,
queues based on stochastic data arrivals, and analyze system stability. Performance eval-
uation demonstrates improvements in scalability, synchronization efficiency, and training
delay compared to single-UAV systems by utilizing Lyponov optimization framework. The
simulation results show the effects of UAV topology, queue dynamics, and varying arrival
rates on global model consistency.

Chapter 5 — GANs Enhanced Hierarchical FL: This chapter proposes a GAN-
enhanced data augmentation approach integrated into the hierarchical UAFL system. The
proposed scheme addresses dataset imbalance and the Non-IID nature of data generated
by distributed IoT devices. We present the system model, the augmented data utilization,
and mechanisms to ensure stability across hierarchical UAVs using Lyapunov optimization.
Simulation results show improvements in model accuracy, robustness to device heterogeneity,
and resilience to rare failure patterns. Additional analysis evaluates the role of augmented

data in improving accuracy and ensuring global model convergence under given conditions.
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Chapter 6 — Conclusion: Summarizes the research contributions of this dissertation,
reflects on key findings across the proposed frameworks, and presents several advanced re-
search directions for future works.

Finally, references are included at the end of the thesis.

1.9 Chapter Summary

This chapter introduced the motivation, challenges, and context behind enabling efficient,
scalable, and accurate distributed learning in UAV-assisted wireless networks. It highlighted
the limitations of centralized learning, the potential of FL, and the need for advanced archi-
tectures such as HFL and queue-aware learning frameworks. The chapter also discussed the
critical role of GANs in addressing Non-IID data challenges and summarized how machine
learning-based resource optimization frameworks contribute to next-generation wireless sys-
tems. The chapter identified four core research gaps and outlined the main contributions
of this dissertation, which collectively address delay minimization, hierarchical learning,
stochastic data arrival modeling, and accuracy enhancement in distributed training. The
next chapter builds on this foundation by presenting a detailed review of background con-

cepts and related research.
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Chapter 2

Background and State of the Art

2.1 Why Resource Optimization is Important

Resource optimization lies at the core of modern and future wireless communication systems.
As the number of IoT devices continues to grow exponentially, networks face unprecedented
strain in terms of bandwidth demand, traffic density, and service heterogeneity. Applications
in the IoT, autonomous navigation, augmented and virtual reality, real-time sensing, and
large-scale artificial intelligence (AI) deployments all require networks to deliver high-speed,
ultra-reliable, and low-latency connectivity. This increase in data generation and device
density has pushed traditional wireless systems toward their operational limits.

Future networks, particularly those envisioned for beyond-5G and 6G infrastructures,
must accommodate a broad spectrum of use cases spanning terrestrial, aerial, and underwater
environments [22]. These environments impose highly diverse performance requirements,
ranging from stringent latency demands to massive connectivity and energy efficiency. As
traffic volumes surge and service expectations rise, the efficient use of limited resources
becomes non-negotiable. Spectrum, bandwidth, power, processing capabilities, and backhaul
capacity are all fundamentally constrained, and must therefore be allocated intelligently to

ensure stable and reliable system performance.
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Resource optimization plays a critical role in achieving this goal. Efficient spectrum
utilization techniques such as dynamic spectrum access, cognitive radio, and spectrum shar-
ing help alleviate congestion and interference by adaptively allocating frequencies according
to real-time traffic conditions [23]. Likewise, bandwidth management strategies, including
multiplexing, beamforming, and network slicing, enable networks to serve diverse applica-
tions with varying throughput and latency requirements. These strategies enhance spectral
efficiency and ensure that high-bandwidth services, such as immersive media or cloud-based
computation, receive sufficient resources [24]. Energy efficiency is also vital in wireless net-
works, especially as systems move toward greener communication models. Minimizing energy
use is necessary to reduce operational costs and to support [oT devices powered by batter-
ies or energy-harvesting mechanisms. Techniques such as energy-aware routing, adaptive
transmission control, and predictive scheduling help extend device lifetimes and maintain
consistent network performance in large-scale deployments.

Ultimately, effective resource optimization contributes directly to network reliability,
scalability, and user quality of experience (QoE). By dynamically managing limited re-
sources and mitigating congestion, networks can maintain high service quality even under
peak demand [25-27]. This is particularly vital for mission-critical applications, including
healthcare, transportation, emergency response, and industrial automation, where delays or
communication failures can lead to severe consequences. In summary, resource optimization
forms the foundation upon which next-generation wireless systems must be built. With-
out intelligent and adaptive resource management, the ambitious goals of 6G and future

[oT-driven ecosystems cannot be realized.

2.2 Resource Optimization in Wireless Networks

Resource optimization has become a central requirement in modern wireless networks due

to the rapid increase in connected IoT devices, heterogeneous traffic patterns, and stringent
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performance demands. As next-generation networks expand to support diverse applications,
ranging from enhanced broadband to massive IoT and ultra-reliable low-latency commu-
nication, efficient management of spectrum, power, bandwidth, and compute resources is
essential. The surveys in [23,28,29] highlight that wireless networks inherently operate over
constrained and interference-limited media, making optimal resource allocation fundamental
for ensuring reliable connectivity.

Spectrum scarcity remains a major challenge, particularly as large numbers of IoT devices
compete for limited bandwidth. ML—-based spectrum management and adaptive allocation
approaches surveyed in [23] demonstrate that dynamic spectrum access and interference-
aware scheduling are crucial for maximizing spectral efficiency. Traditional rule-based meth-
ods often fall short in such environments, motivating the need for more intelligent, context-
aware optimization strategies.

Wireless networks also face highly dynamic channel variations caused by mobility, mul-
tipath fading, and environmental fluctuations. These variations directly influence signal
quality and achievable data rates, demanding continuous adaptation of transmission power,
channel assignment, and routing decisions. The authors of [30] emphasized that Al-enabled
radio management plays a significant role in addressing these fluctuations by enabling pre-
dictive interference mitigation, adaptive link control, and intelligent traffic steering.

Energy efficiency is another critical aspect of wireless resource optimization. The work
in [29] emphasized the need for energy-aware communication, particularly in dense 5G and
beyond systems where power consumption at base stations and IoT devices significantly
affects overall network sustainability. Similarly, the surveys [31, 32] highlighted resource
management frameworks that prioritize energy-centric allocation to prolong device lifetime
and support green communication objectives in 6G networks.

Latency-sensitive applications such as industrial automation, remote monitoring, and
vehicular networks require stringent delay guarantees. The survey on ultra reliable low la-

tency communication (URLLC) in 6G networks [25] demonstrated that both supervised and
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reinforcement learning approaches can be used to optimize delay and reliability under tight
latency constraints. These methods enable networks to proactively manage resources based
on predicted traffic surges or channel degradation, thereby maintaining desirable service
quality.

Furthermore, the complexity of future wireless architectures, incorporating fog devices,
edge servers, UAVs, and virtualized network functions, adds new dimensions to resource
optimization. Studies in [33] and [34] show that dynamic task scheduling, load balancing,
and joint communication—computation resource allocation are essential to prevent bottle-
necks in fog and edge-enabled networks. These systems require coordinated management
across heterogeneous layers, often involving distributed decision-making and multi-objective
optimization.

Finally, wireless networks must ensure fairness and QoE across diverse user categories. As
noted in [35], multi-dimensional optimization frameworks involving communication, compu-
tation, caching, and control (4C) are needed to balance competing requirements in large-scale
systems. Likewise, [27] emphasized that UAV-assisted networks introduce additional con-
straints, such as flight energy and aerial link variability, that must be jointly optimized with
conventional radio resources.

In summary, resource optimization in wireless networks is driven by the scarcity of spec-
trum, dynamic channel conditions, increasing energy demands, latency-sensitive services,
and architectural complexity. Insights from recent surveys make it clear that the growing
scale and diversity of wireless ecosystems require holistic, intelligent, and adaptive resource
management strategies capable of sustaining performance in next-generation communication

systems.
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2.3 Optimization Within Machine Learning Environ-
ment

This category covers works where the researchers took a machine learning environment in
wireless networks and tried to optimize some aspects of this machine learning environment
using traditional optimization approaches. The most common use cases are based on FL
environments where the authors work to optimize the system’s performance by optimizing FL
parameters (e.g., local and global iterations) [36-39]. These studies provide useful baselines
and design patterns for how classical optimization tools can be embedded into learning-

centric pipelines deployed over wireless networks.

2.3.1 Energy Minimization

This subsection covers machine learning-based studies that incorporate power and energy
considerations in their objective functions. The selected works focus on system-wide energy
consumption [40,41] and related energy-efficiency formulations [42]. These works are partic-
ularly relevant for FL in wireless settings, where communication and computation costs at
[oT devices or edge devices must be balanced against convergence requirements.

In [40], the authors introduced a novel hierarchical federated edge learning framework
and formulated a computation and communication resource allocation problem. They aimed
to minimize the overall energy and delay for each global iteration. They imposed link and
task-specific (FL training) constraints. The formulated problem was non-convex, so they
decomposed the scheduling algorithm into two sub-problems. The first sub-problem focused
on resource allocation in a single-edge server, which they addressed using the Lagrange
multiplier method. For the second sub-problem they proposed an algorithm that constantly
adjusts the edge association strategy by changing group formation to minimize overhead.
They performed an appropriate comparison of their work with an optimal traditional baseline

algorithm to demonstrate the effectiveness of their approach.
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In [41], the authors focused on resource allocation for machine learning tasks at the edge in
wireless networks. They introduced an edge machine learning framework comprising various
algorithms to facilitate resource allocation. They formulated the problem as minimizing
average long-term optimization task to balance energy consumption, learning accuracy, and
latency. The objective was to minimize the expected energy consumption value, subject to
data rate, delay, task-specific (FL accuracy), and compute resource utilization (CPU bounds)
constraints. To solve this problem, the authors proposed a set of Lyapunov optimization-
based algorithms. The authors provided theoretical and numerical results with relevant
comparisons, demonstrating the impact of their proposed approach.

In [42], the authors addressed the service placement and resource allocation problem in
multi-user MEC scenarios, focusing on optimizing resource allocation and Al service place-
ment. The latter involves determining whether placing the AI model at the edge improves
performance. They formulated this as a mixed-integer nonlinear programming (MINLP)
problem, aiming to optimize the total energy consumption and task computation time across
all users with respect to data rate, link, and compute resource utilization (CPU frequency
bounds) constraints. Initially, they proposed separate solutions for resource allocation and
service placement: an ellipsoid method for resource allocation and a greedy search algo-
rithm for service placement. They introduced a joint allocation scheme using the alternating
direction method of multipliers (ADMM). Utilizing a bisection search algorithm, this ap-
proach achieved a linear time complexity of K!, offering improved efficiency. The authors
conducted performance comparisons of their proposed approach with ADMM, greedy, and
optimal traditional optimization baselines.

In [43], the authors addressed energy consumption minimization and energy harvesting
maximization in a FL setting with heterogeneous IoT devices. They formulated this as an
optimization problem aiming to minimize energy consumption for training one iteration,
subject to constraints related to subchannel and transmission power, data size, and task

scheduling. Using the Lagrangian dual method, the authors decoupled the variables and
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proposed solutions for processor frequency and dataset size allocation. Additionally, they
optimized transmission power using an iterative algorithm and employed a closed-form solu-
tion for time splitting. They conducted a comparative analysis of their proposed approaches
with variations of their algorithms. To enhance their work, authors could have incorporated
an optimization benchmark algorithm (e.g., branch and bound (B&B)) to provide a standard
reference point for evaluating the performance and effectiveness of the proposed methods.
Lessons learned: We observed the generic issue of providing an appropriate benchmark
in this section. In [40], [41], [42], the authors provided an appropriate benchmark comparison
while [43] could have incorporated an optimization benchmark algorithm (e.g., B&B) to
provide a standard reference point for evaluating the performance and effectiveness of the
proposed methods. From a thesis perspective, these works collectively illustrate that even
when the networking stack is fixed, careful optimization of learning-related variables (e.g.,
frequency scaling, dataset partitioning, and iteration scheduling) can yield significant energy
savings without sacrificing model performance. Table 2.1 summarizes all the works discussed

in the section above.

2.3.2 Latency Minimization

Time is an important metric in optimization problems. We covered those works here that
formulate time-based objective functions (latency, delay, time) in a machine learning envi-
ronment. In this subsection, we consider delay [37,44], followed by latency [45] and time
(other representations) [36] works. These studies highlight how temporal performance met-
rics, such as end-to-end delay or service latency, can be explicitly embedded into optimization
formulations for learning systems running over wireless infrastructures.

In [37], the authors addressed optimization in a FL environment tailored for cognitive
[oT applications in smart industries. They aimed to enhance system performance by min-
imizing computation delay and model error rate, treating the problem as an integer linear

programming problem. Their objective function focused on minimizing the overall cost,
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Table 2.1: Summary of energy-based publications for machine learning environment-only
solutions,
ADMM: alternating direction method of multipliers; B&B: branch and bound; FL:
federated learning.

Refer| Objectives Constraint type Probler Classicd§ Remarks
type | ap-
proach
[40] | Minimize en- | Link,  task-specific | Non- Lagrange The authors performed

ergy and delay | (FL training) convex | mul- an appropriate com-
tiplier | parison with an opti-
method | mal traditional base-

line algorithm.

[41] | Minimize Data rate, delay, | Non- Lyapunoy The authors provided
energy  con- | task-specific (FL | convex | opti- theoretical and numer-
sumption accuracy), compute miza- ical results with rele-

resource utilization tion vant comparisons.
(CPU bounds)

[42] | Minimize total | Data rate, link, com- | - ADMM | The authors com-
energy and | pute resource utiliza- pared their work with
task computa- | tion (CPU frequency ADMM, greedy, and
tion time bounds) optimal baselines.

[43] | Minimize the | Transmission power, | - - The authors compared
energy  con- | delay, compute re- results with variations
sumption for | source utilization of their own work.
one iteration (CPU time, CPU To enhance the study,

frequency, data stor-
age)

an optimization bench-
mark algorithm (e.g.
B&B) could have been
incorporated. This
would provide a stan-
dard reference point
for evaluating the per-
formance and effective-
ness of the proposed
methods.
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which comprised computation delay and global error rate with multiple constraints related
to network links. Demonstrating the convexity of the problem, they utilized standard convex
optimization methods, such as in CVXPY [46], for its solution. They also addressed resource
block allocation, relaxing constraints to render the problem convex, and employed standard
convex toolkit methods to solve it. The authors compared results of their proposed approach
with variations of their own works. To enhance their work, the authors could have incor-
porated an optimization benchmark algorithm (e.g., B&B) to provide a standard reference
point for evaluating the performance and effectiveness of the proposed methods.

In their work, [44], the authors addressed optimizing an air-ground integrated wireless
network with a focus on minimizing service latency. Their problem formulation focused
on model decision, computation resource allocation, and UAV trajectory control with con-
straints related to compute resource utilization, power, and communication latency. Given
the non-convex nature of the formulated problem MINLP, they decomposed it into three
sub-problems and converted each into a convex sub-problem. Then, they proposed an it-
erative algorithm to optimize each sub-problem using traditional optimization methods like
B&B or the Lagrange duality method. Notably, machine learning was solely involved in deep
neural network (DNN) model selection, where each vehicle had different AI models, and the
selection process utilized traditional optimization techniques. The study utilized a relatively
small simulation size (six 0T devices and one UAV), which may impact the generalizability
of the results.

In their work, [45], the authors addressed the issue of DNN partitioning and offloading
to resource-constrained edge devices. They focused on a DNN model requiring significant
computational power for training. To facilitate computation on edge devices, they parti-
tioned the model into smaller chunks for distribution to various edge devices. The authors
formulated their resource allocation problem to minimize the maximum latency of all IoT
devices, employing a min-max approach with link and compute resource utilization (CPU

bound) constraints. They addressed it as a multi-choice knapsack problem (nondeterministic
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polynomial time (NP)-hard). They proposed an iterative alternating algorithm that itera-
tively optimized by reallocating computation resources with minimal utility. Furthermore,
they enhanced their algorithm by introducing a variable time step to improve efficiency. The
study utilized a relatively small simulation size (four IoT devices and one server), which may
impact the generalizability of the results.

In [36], the authors solved the challenges of deploying UAVs as base stations (BSs) in a FL
environment, where the UAVs had limited battery capacity, and the attached IoT devices
varied in terms of battery and computation power. They developed an asynchronous FL
framework, allowing networks to be trained locally without transmitting the entire dataset
to the UAV BS. Local updates were computed asynchronously on high-computation IoT
devices. The authors further formulated the problem of UAV placement, device selection,
and resource management, aiming to minimize model execution time and learning accuracy
loss over time, considering constraints related to link, transmission power, QoS, and compute
resource utilization (CPU bounds). The formulated problem was non-convex and NP-hard.
To address these challenges, the authors proposed an asynchronous FL framework utilizing
asynchronous advantage actor-critic deep reinforcement learning (DRL). They proposed two
algorithms based on reinforcement learning: the first algorithm for UAV placement, decision
selection, and resource management, and the second for asynchronous FL. The authors
compared their work against the gradient-based benchmarks to demonstrate the efficacy of
their proposed approach.

Lessons learned: In [36], the authors compare their method against a standard
gradient-based benchmark, providing a clearer baseline for evaluation. In contrast, [37] eval-
uates performance only against variations of its own proposed algorithm, which limits the
breadth of comparison. Furthermore, the simulation settings used in [44] and [45] could
be expanded—such as increasing the number of participating devices (e.g., beyond six IoT
devices and one UAV| or four IoT with one server), to strengthen the robustness and gen-

eralizability of their results. Overall, the latency-focused studies reviewed here show that
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objective functions centered on time (rather than purely on energy or accuracy) often lead
to multi-stage formulations combining placement, offloading, and scheduling decisions. This
perspective will be particularly relevant when analyzing delay in UAV-assisted FL frame-
works later in this thesis.

We studied recent available literature on time-based objectives for resource optimiza-
tion within machine learning environments. The discussion highlights how different authors
translate application-level delay requirements into concrete optimization problems over learn-
ing and system parameters. The upcoming section discusses works with machine learning
arguments-based objectives for resource optimization. Table 2.2 summarises all the works

discussed in the above section.

2.3.3 Parameter Optimization In Machine Learning Based Meth-

ods

This subsection reviews recent works of authors who focused on the machine learning pa-
rameters as objective functions. These broadly include loss [38,47], training time [39, 48],
and cost [49] among others [50,51]. Unlike the previous subsections, which emphasize energy
or latency directly, the works discussed here treat performance indicators intrinsic to the
learning algorithm (e.g., training loss, classification error, or divergence measures) as the
primary optimization objective.

In [47], the authors addressed the challenge of processing machine-type communication
data volumes on edge devices constrained by limited power allocation typically optimized
for communication throughput rather than learning throughput. Traditional algorithms like
water-filling and min-max fairness proved inefficient in this context. The authors aimed to
minimize classification error while considering total power, data rate, and sample collection.
They developed a learning-centric power allocation algorithm variant, formulating it as a
non-convex, non-smooth optimization problem. Their solution leveraged a majorization-

minimization framework, constructing upper bounds on the empirical classification error
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Table 2.2: Summary of latency-based works for machine learning environment-only
solutions,
B&B: branch and bound; FL: federated learning; IoT: Internet of things; MINLP:
mixed-integer nonlinear programming; QoS: quality of service; UAV: uncrewed aerial
vehicle; UE: user equipment.

Refe] Objectives Constraint type Probler Classic Remarks

type | ap-
proach

[37] | Minimize delay | Link Integer | Convex| The authors compared
and global er- pro- toolkit | results of their pro-
ror rate gram- posed approach with

ming results of variations of
their own work. To en-
hance the study, an op-
timization benchmark
algorithm (e.g., B&B)
could have been incor-
porated. This would
provide a standard ref-
erence point for evalu-
ating the performance
and effectiveness of the
proposed methods.

[44] | Minimize ser- | Link, task-specific (FL | MINLP| B&B | The study utilized a
vice latency accuracy, UAV veloc- relatively small simula-

ityy, UAV position), tion size (six IoT IoT
compute specific devices and one UAV),
constraints (UAV which may impact the
CPU bounds, UE cpu generalizability of the
bounds. ) results.

[45] | Minimize max- | Link, compute re- | - Iterative The study utilized a
imum latency | source utilization alter- | relatively small simula-
for all IoT de- | (CPU bound) nating | tion size (four IoT de-
viecs algo- vices and one server),

rithm | which may affect the
generalizability of the
results.

[36] | Minimize ma- | Link, transmission | - - The authors compared
chine learning | power, QoS, compute their ~work against
model execu- | resource  utilization gradient-based bench-

tion time and
model training
loss

(CPU bounds)

marks.
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model and replacing the problem with surrogate problems. They framed their objective as
minimizing the maximum classification error with power budget and data rate constraints.
The authors derived the optimal solution through gradient descent or brute force search,
further refining parameters for generalization error using convolutional neural networks and
support vector machine (SVM). The authors compared their results with an optimal tradi-
tional baseline demonstrating the efficacy of approach proposed.

In [38], the authors worked on FL, employing classical optimization techniques to opti-
mize FL accuracy and training trade-offs in MEC networks. They formulated the problem as
a minimization task, aiming to minimize the combination of training loss and model train-
ing cost in the FL framework. Their formulation encompassed three constraints related to
energy consumption, number of users, and dataset size. Given the nonlinear and non-convex
nature of the problem, they initially decomposed it into three independent sub-problems:
accuracy loss, communication cost, and joint optimization. Subsequently, they devised an
iterative algorithm (non-machine learning) to solve each derived sub-problem iteratively.
The authors compared the results with variations of their own work. To enhance their work,
the authors could have incorporated an optimization benchmark algorithm (e.g., B&B) to
provide a standard reference point for evaluating the performance and effectiveness of the
proposed methods.

In [39], the authors proposed an innovative FL algorithm designed to manage hetero-
geneous datasets across diverse IoT devices in wireless networks. They assumed that the
loss function at each IoT was smooth and non-convex. By employing a time-sharing multi-
access protocol for communication standards, their algorithm achieves the tradeoff between
convergence time and energy consumption across [oT devices with varying power capacities.
Their optimization problem aimed to minimize training time and energy consumption un-
der constraints such as a time-sharing uplink transmission limit, computing time, and local
accuracy. To solve this wireless domain problem, they divided it into three sub-problems,

with the first two converted into convex problems, leaving the third as non-convex. They
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solved these sub-problems using traditional optimization algorithms to achieve the overall
objective. A major limitation of their approach was its assumption that local processing
must be completed before initiating communication between IoT devices for global training.
The authors considered many [oT devices in their simulations and compared their work with
optimal solutions.

In [48], the authors minimized the energy consumption of a UAV swarm by optimizing
various parameters in a FL environment. Their optimization targets included convergence
threshold, local and global iterations, bandwidth, and computation resources. The objective
function aimed to optimize the overall energy consumption, integrating constraints related to
local convergence thresholds, local iteration counts, computation resource allocations, band-
width, and convergence thresholds. They approached this complex problem by segmenting
it into three sub-problems, addressing them directly and via a novel iterative algorithm
through successive convex optimization. Furthermore, they investigated fairness in joint op-
timization, introducing a new variable in the objective function and addressing this revised
problem with a new iterative algorithm proposal. The authors compared their work with a
standard benchmark to demonstrate the superiority of their proposed approach.

The authors of [49] explored the Internet of vehicles characterized by multiple highly mo-
bile vehicles. They initially developed an algorithm to determine the participation of specific
vehicles in FL. Subsequently, they focused on the optimization problem of resource alloca-
tion to reduce the cost of FL for participating vehicles. They considered this problem as the
minimization of FL costs (comprising of participation in the current round and waiting time
for the current round to conclude). They formulated the problem subject to link, QoS, and
transmission power constraints. Their proposed solution involved an algorithm for decision-
making regarding participation in FL, which was input into a multi-agent DRL algorithm
responsible for training and resource allocation. They developed an algorithm outlining the
allocation procedure for multi-agent deep deterministic policy gradient (DDPG) based joint

resource allocation, encapsulating their comprehensive approach to FL optimization in In-
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ternet of vehicless (IoVs). The authors compared their work with a standard benchmark to
show the impact of their proposed approach.

In [50], the authors addressed the formulation of a resource allocation and scheduling
problem in wireless networks. Their problem formulation aimed at minimizing a combina-
tion of the probability of selecting a helper as the FL gradient uploader, the channel as-
signment indicator, and the number of bits allocated by each helper for subchannels. They
comprehensively addressed the communication dynamics with data rate, and task-specific
(helper selection probabilities) constraints. Transforming the problem into a MINLP via the
transformation method, they reduced the complexity in their formulation. The equivalent
problem was then decomposed into two sub-problems. First, they addressed the resource
allocation sub-problem using the B&B method, and then with their proposed algorithm pro-
viding a sub-optimal solution with reduced complexity. Second, they employed the penalty
convex-concave procedure (PCCP) technique [52] for helper scheduling, leveraging the in-
terior point method to find efficient solutions. This multi-faceted approach enabled them
to address the intricacies of resource allocation and scheduling in their FL framework. The
authors compared their work with a standard benchmark (i.e., B&B) to demonstrate the
efficacy of their proposed approach.

In [51], the authors operated in a wireless FL environment and their goal was to address
the training time acceleration problem. They introduced a novel metric, “learning efficiency,”
defined as the ratio of global loss delay to end-to-end efficiency. The objective function
was formulated to maximize this learning efficiency. Their problem included constraints
related to link and compute resource utilization (FL round data bounds, batch size bounds).
They subsequently divided the problem into two separate sub-problems. The first sub-
problem aimed to solve the local gradient calculation, uploading, and formulation, framed
as a min-max optimization problem. They then transformed this problem into a convex
one and resolved it using fractional optimization. They proposed a two-dimensional search

algorithm as a solution to this sub-problem. For the second subproblem, they solved the
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issue of downloading the global gradient and updated the local model by applying Karush-
Kuhn-Tucker conditions. The study utilized a relatively small simulation size (with twelve
[oT devices), which may impact the generalizability of the results.

In [53], the authors operated in a hierarchical FL environment with heterogeneous IoT
devices. They proposed resource allocation and user assignment while considering the user
data distributions and wireless communication characteristics. They utilized the Kullback—
Leibler divergence (KLD) to address the data imbalance problem. The objective here was
to optimally allocate end users to edge devices while minimizing the KLD. They formulated
the problem with different constraints related to link and system power. The formulated
problem is an integer programming NP-hard problem. The authors initially transformed this
problem into a linear programming problem. They then determined the linear programming
solution and optimized the bandwidth allocation for available end users, ensuring KLD
minimization in the process. They compared their work with state-of-the-art benchmarks
and demonstrated its superiority.

Lessons learned: The authors in [47], [48], [49], [50], [53] compared their work with
the standard benchmark. In [38], the authors compared their results with variations of their
own work. To enhance their work, the authors could have incorporated an optimization
benchmark algorithm (e.g., B&B) to provide a standard reference point for evaluating the
performance and effectiveness of the proposed methods. In [39], the authors compared their
work with an optimal baseline and used a reasonably large simulation size (one hundred
IoT devices). In contrast,the authors in [51] used a small simulation size with twelve [oT
devices only. Taken together, these works demonstrate a rich design space where learning
performance metrics (e.g., loss, classification error, or distributional divergence) are explicitly
optimized under communication and computation constraints. This line of research is closely
aligned with the goals of this dissertation, which also seeks to jointly reason about learning
quality and system-level costs in UAV-assisted FL architectures. Table 2.3 summarizes all

the works discussed in the section above.
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Table 2.3: Parameter optimization in machine learning based methods for machine learning
environment-only solutions
B&B: Branch and bound; FL: Federated learning; KLD: Kullback—Leibler divergence; QQoS:
Quality of service; UAV: Uncrewed aerial vehicle; UE: User equipment.

Refer| Objectives Constraint type Probleir Classicg Remarks

type | Ap-
proach

[47] | Minimize clas- | Data rate, system | Non- | Majoritizdtibaauthors performed

sification error | power smooth | minimizgtion appropriate com-
and frame- | parison with an opti-
non- work mal traditional base-
convex line.

[38] | Minimize Link, compute re- | Nonlineadterative| The authors compared
training  loss | source utilization | and algo- the results of their
and training | (data  size con- | non- rithm proposed work with
cost straint), system | convex variations of their own

power work. An optimization
benchmark algorithm
(e.g., B&B) could have
been incorporated to
enhance the study.
This would provide
a standard reference
point for evaluating
the performance and
effectiveness of the
proposed methods.

[39] | Minimize Link, delay, system | Non- TraditionaAn appropriate com-
training time | power, computa- | convex | opti- parison with an
and energy | tion task scheduling miza- optimal baseline solu-
consumption | (CPU frequency) tion tion (standard FL) is

algo- done using a simula-
rithms | tion setup comprising

a hundred IoT devices.
While this setup may
be considered limited
in scale, it demon-
strates the feasibility
and relative perfor-
mance of the proposed
method in a controlled
environment.

Continued on next page
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Table-continued from previous page

Refer| Objectives Constraint type Proble; Classic | Remarks

type | ap-
proach

(48] | Minimize Link,  task-specific | Convex | SuccessiveThe authors compared
UAV’s  over- | (FL iterations for convex | their work with a tra-
all training | convergence, UAV opti- ditional optimization
energy  con- | CPU bounds, QoS miza- (i.e., B&B) bench-
sumption tion mark.

[49] | Maximize FL | Link, transmission | - Proposed The authors compared
delay  imbal- | power, QoS, compute algo- their work with a tra-
ance between | resource utilization rithm ditional optimization
IoT devices (i.e., B&B) bench-

mark.

[50] | Minimize Data rate, task- | Non- Learning- The authors compared
probability of | specific (helper | convex | centric | their work with a tra-
selection of FL | selection probability) power ditional optimization
helper alloca- | (i.e., B&B) bench-

tion mark.

[51] | Maximize Link, compute re- | Non- FractionaglThe study utilized a
learning  effi- | source utilization | convex | opti- relatively small simula-
ciency (FL  round data miza- tion size (with twelve

bounds, batch size tion IoT devices), which

bounds) method | may impact the gen-
eralizability of the re-
sults.

[53] | Minimize KLD | Link, system power Non- Kullback- The authors compared
edge devices) convex | Liebler | their work with state-

diver- of-the-art benchmarks
gence and demonstrated its
KLD superiority.

2.4 Resource Optimization in UAV-Assisted FL-Based

Wireless Networks

Multiple works have investigated different aspects of cooperative learning schemes, including

FL, to enhance system performance in terms of delay, energy consumption, and learning ac-

curacy. A significant portion of this literature focuses on mitigating the impact of straggling

[oT devices, either through algorithmic modifications to the learning protocol or through
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better utilization of communication and computation resources. In the context of this dis-
sertation, these works provide important building blocks and baselines for understanding

how delay and energy can be optimized in UAV-assisted FL systems.

2.4.1 Straggler Mitigation in Cooperative and Federated Learning

Early works on cooperative and distributed learning explored straggler mitigation without
explicitly targeting UAV-assisted architectures. For example, the authors of 7] adopted a
collaborative learning environment and proposed a distributed computing scheme based on a
coupon collection problem. Their design achieved near-minimal average recovery thresholds
and communication loads, effectively mitigating the straggler effect by exploiting coded
redundancy in the distributed computations.

While these early distributed learning approaches effectively address straggler mitiga-
tion through coded computation and redundancy, they typically assume centralized access
to data or require extensive data transfer across the network. Such assumptions are in-
creasingly impractical in large-scale IoT systems, where raw data is often privacy-sensitive,
bandwidth-constrained, and geographically distributed. FL emerges as a natural paradigm
in this context, as it enables collaborative model training while keeping data localized at
[oT devices, thereby preserving privacy and reducing communication overhead. However,
the decentralized and heterogeneous nature of FL introduces new challenges, particularly in
the presence of straggling and intermittently connected IoT devices, motivating dedicated
straggler-aware designs within the FL framework.

Within FL specifically, several works have examined asynchronous aggregation as a way
to reduce the impact of slow IoT devices. In [54], an asynchronous online FL framework
was introduced where the central server continually aggregated updates from IoT devices
that perform online learning on continuous local data streams. Similarly, [55] proposed
an asynchronous FL algorithm that introduced a scheduler between the server and IoT

devices, responsible for managing global model updates and disseminating the most recent
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global weights to participating IoT devices. In both cases, the straggler effect is mitigated
by decoupling global aggregation from the slowest IoT devices, at the cost of additional
protocol complexity and potential staleness in updates.

Coded computing has also been used to address stragglers effect in distributed learning.
In [56], the authors proposed a coded computing framework that reformulated the training
task as distributed linear regression and generates local parity datasets at each client. These
parity datasets are then aggregated at the server to reconstruct gradients corresponding to
straggling [oT devices. The idea was extended in [57], where a hierarchical coded computing
framework introduced helper IoT devices between the aggregation server and IoT devices.
This framework leverages aligned repetition coding and minimum distance separable (MDS)
coding to improve gradient aggregation efficiency and robustness against stragglers.

Overall, these works demonstrate that straggler mitigation can be approached via asyn-
chronous aggregation, coded redundancy, or hierarchical structures. However, most of them
either assume static infrastructures or do not explicitly model the mobility, energy, and

computational constraints of UAV-assisted edge systems.

2.4.2 MEC-Assisted FL and Device Selection in Wireless Net-

works

To further mitigate the straggler effect and improve performance, researchers have explored
exploiting the computation power available at MEC servers. The concept of MEC was for-
mally introduced in [58], and subsequent works have applied task offloading and resource al-
location strategies in MEC environments. For instance, [59] designed task offloading schemes
under time-sharing and computation deadline constraints to minimize the total energy con-
sumption of IoT devices.

When FL is deployed at the network edge, system delay and energy become tightly
coupled. In [60], the authors optimized caching and communication within FL frameworks

operating over MEC servers using deep reinforcement learning to adapt policies over time.
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Similarly, [61] proposed training and deploying deep reinforcement learning agents on IoT de-
vices, with the goal of reducing transmission costs and improving delay performance through
learned decision-making policies.

The importance of device participation and selection has also been emphasized. In [62],
the authors adopted FL in an IoVs environment and proposed a fully distributed algorithm
inspired by multi-agent deep reinforcement learning to optimize FL cost, accounting for the
high mobility and heterogeneous resources of vehicles. Other approaches, such as [63-65],
focused explicitly on joint latency and energy optimization in FL environments by tailoring
communication, computation, or scheduling decisions to system constraints.

Reduction in system delay has also been studied through prioritization of IoT devices.
In [9], a probabilistic device selection framework was proposed, where device selection proba-
bilities are dynamically adjusted based on their contribution, enabling effective aggregation.
Related works [10, 66, 67] investigated device selection and resource allocation strategies
that aim to improve FL performance by balancing learning accuracy, delay, and resource
usage. These methods demonstrate that careful selection of participating IoT devices can
substantially improve convergence speed and efficiency, but they may also introduce bias if

high-priority IoT devices are systematically preferred.

2.4.3 UAV-Assisted FL and Joint Resource Optimization

A growing line of research explicitly incorporates UAVs into FL architectures to leverage
their mobility and 3D deployment flexibility. In [68], the authors proposed a UAV-based
framework that integrates aerial and terrestrial networks for FL, considering four collabora-
tion configurations: air-to-ground, ground-to-air, air-to-air, and mixed environments. They
provided a case study on ground-to-air FL, focusing on how the hovering location of the
UAV affects accuracy and energy consumption. While the system model and formulation
were limited, the work highlighted the potential benefits of aerial platforms for expanding

coverage and enhancing training performance.
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The work in [69] further examined a UAV-based FL framework, formulating a joint op-
timization of UAV positioning and iteration time to minimize energy consumption while
maintaining model performance. Using alternating convex optimization, they showed how
the UAV trajectory and communication parameters can be adapted to balance energy and
learning objectives. In contrast, [70] proposed an asynchronous FL framework in a UAV-
assisted setting, targeting the straggler effect directly by selecting low-latency IoT devices
through reinforcement learning. Their weighted-sum formulation jointly optimized device
selection, UAV placement, and resource management, with the primary objective of mini-
mizing aggregation time and improving accuracy in asynchronous environments.

Device scheduling with explicit learning-oriented objectives has also been studied in UAV-
assisted FL. In [71], the authors focused on selecting IoT devices with high “data importance”
to minimize the expected final training loss. Their scheduling strategy aimed to prioritize [oT
devices whose data had the greatest potential impact on model performance. Furthermore,
[72] employed federated deep reinforcement learning to jointly optimize resource allocation
and UAV deployment in order to maximize long-term throughput and QoS. They formulated
the problem as maximizing system throughput by adjusting access control, beamwidth, and
UAV location, illustrating how UAV mobility and wireless resources can be jointly controlled

in a learning-centric environment.

2.4.4 Summary and Positioning of This Dissertation

Table 2.4 summarizes the above discussion. Broadly, the existing literature on resource
optimization in FL-based wireless networks provides three main categories of solutions to

reduce the straggler effect in IoT applications:

« Asynchronous global updates: Works such as [54, 55,59, 70, 71] decouple global
aggregation from the slowest IoT devices by allowing asynchronous updates or online
learning. While this reduces waiting time per iteration, it introduces additional proto-

col complexity and requires careful management of model staleness and synchronization
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Table 2.4: Summary of related works to mitigate Straggler’s effect.
UAV: U; MEC:M; Synchronous framework: S;FL: Federated learning; IDI: IoT device
importance; T-Sol: Traditional Solution Approach; ML-Sol: Machine learning-based

solution.
’ Ref.U\ M\ S \ F]'_J. IDL[Objective \ T-Sol \ ML-Sol \ Remarks ‘
X | X | v | X | X | Minimize Batched X Proper theoretical
(7] recovery coupon bounds provided.
threshold collection Simulation size is
good.
X | v | X | Vv |X | Modified X Online async FL | Asynchronous
[54] aggregation algorithm therefore commu-
function  of nication bottle-
FL neck.
X | X | X | v | X | Modified X Async FL algo- | Asynchronous
[55] aggregation rithm therefore commu-
function  of nication bottle-
FL neck.
X | v | Vv | Vv |X | Improve sys-| X offloading parity | Changing datasets
[56] tem delay data based ag- | will cause parity is-
gregation FL al- | sues.
gorithm
X | v | X | X | X | Minimize Async ar- | X High runtime com-
[59] energy con- | rival order plexity.
sumption deadline
X | v |Vv|v | X | Reduce DRL | X In-edge and IoT | Possible issues with
[60] training time device FL train- | Non-IID data.
ing algorithm
X | v | v | Vv | X | Minimize sys- | X DRL based solu- | Lack of comparison
[61] tem delay & tion with  traditional
queue benchmark.
X | v | Vv | Vv |V | Minimize X DRL based | Relatively =~ small
[62] cost per par- participants simulation size.
ticipant selection
X | v | v | Vv | X | Minimize sys- | X DRL based Proper simulation
[63] tem delay results with appro-
priate size.
X | v | v | Vv | X | Minimize X Hierarchical FL | Increase in delay
[64] system delay based solution due to increase in
and energy number of layers in
FL stack.
Continued on next page
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Table-continued from previous page

Ref.] U| M| S | FI ID| Objective T-Sol ML-Sol Remarks
9] | X | X | v | Vv ]|V |Optimal IoT | X Contribution- | Possible  compro-
device selec- based and | mise in accuracy
tion probabilistic | of FL. due to high
FL IoT de- | percentage of de-
vice selection | vices drop.
algorithms
X | v | Vv | Vv |V | Minimize of- | X FL TIoT de- | Authors have uti-
[10] floading ratio vice sampling | lized testbed data
and selected algorithm to validate their re-
[oT devices sults.
V| v | v | Vv | X | Minimize X X Limited case study
[68] Energy con- with  focus  on
sumption results with two
UAV-deployment
schemes provided.
vV | v | v | v | X | Minimize Alternating X Focus on  opti-
[69] Energy con- | convex opti- mizing energy
sumption mization consumption using
iteration time and
UAYV location.
VIV | X | V]|V | Optimize X DRL  based | Focus on model ac-
[70] aggregation solution curacy and model
time and execution time.
accuracy
X | v | X | Vv | Vv | Minimize Gradient X Focus on model
[71] final training | aware device loss by optimizing
loss expecta- | selection device selection
tion strategy.
X | X | v | X | X | Maximize X DRL  based | Optimize through-
[72] long-term approach put by access con-
throughput trol, beamwidth
and UAV locations.
Our | v | vV | v | V| Vv | Improve sys- | Concurrent DRL  based
work tem delay | simplex approach
and  energy | with root
consumption | relaxation

approach and
client impor-
tance based
selection
algorithm
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overhead.

« Device selection and scheduling: A second class of approaches [9,10,62,66,70,71]
selects only a subset of [oT devices in each global iteration, often based on importance,
channel quality, or cost metrics. These schemes can significantly reduce delay and
resource usage; however, if priority is consistently given to certain devices (e.g., those
with lower latency), there is a risk of degrading global model accuracy by under-

utilizing data from slower or more constrained IoT devices.

o« MEC-assisted computation offloading: The third line of work exploits spare com-
putation capacity at MEC servers to mitigate the straggler effect [10,54,57,60-64, 68,
69]. Most of these studies assume fixed MEC servers with abundant computing re-
sources and stable connectivity [10,54,57,60-64]. Only a subset explicitly considers
UAV-MEC configurations [68-70], and even there, the primary optimization goals of-
ten focus on energy consumption, UAV positioning, or throughput rather than detailed

system delay and queue dynamics.

These prior works clearly show that UAV-assisted and MEC-enabled FL frameworks
can be made more efficient through asynchronous aggregation, intelligent device selection,
and computation offloading. However, several important gaps remain in the context of
mission-critical [oT applications. First, many existing approaches either neglect the temporal
structure of data arrivals (e.g., queue dynamics) or assume idealized MEC resources. Second,
UAV-MEC servers are typically treated as highly capable static edge devices, whereas in
practice they operate under stringent power, computation, and mobility constraints. Third,
only limited attention has been paid to jointly optimizing delay, ofoading decisions, and
learning performance in a unified framework for UAV-aided FL.

In this dissertation, we focus on reducing system latency in UAV-aided FL environments
by explicitly modeling and optimizing the utilization of spare computational capacity on

UAV-MEC servers and by designing enhanced data offloading strategies. To further im-
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prove performance, we propose prioritization schemes that select IoT devices for each FL
iteration in a way that balances delay reduction with learning performance. Our approach
thus provides a different optimization perspective, emphasizing timely and efficient model
training under realistic UAV-MEC constraints, and complements the primarily energy- and
throughput-oriented approaches in the existing literature. For benchmarking, we compare
our proposed frameworks against standard FL [20] and edge-based learning systems [21],

focusing on the efficiency and scalability of FL within IoT ecosystems.

2.5 Queue-Aware and GAN-Enhanced Federated Learn-
ing

In addition to resource allocation and hierarchical model design, two recent lines of work are
particularly relevant for this dissertation: (i) the integration of queueing mechanisms into
FL to better capture stochastic task arrivals and service dynamics, and (ii) the use of GANs
to improve learning performance in Non-IID and privacy-constrained federated settings.
Together, these directions motivate the development of queue-aware, GAN-enhanced FL

architectures for UAV-assisted mission-critical networks.

2.5.1 Queueing Mechanisms in Federated Learning

Queueing-based formulations have recently been proposed to model the temporal evolution
of computational tasks and model updates in FL systems. In [73], the authors considered
collaborative heterogeneous multimedia edge networks, where task-priority queues are main-
tained at edge servers. IoT devices offload tasks to nearby edge devices, which can further
relay tasks among themselves. By jointly optimizing task routing and offloading decisions,
their framework reduces both delay and energy consumption, highlighting the benefits of
explicit queue modeling in multi-edge environments.

In [74], FL is modeled as a closed Jackson network, where clients generate model update
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tasks that are processed by a central server through a queueing structure. The authors
proposed a non-uniform client sampling scheme that adapts to heterogeneous computational
capacities, thereby reducing the average waiting time in asynchronous FL. This work explic-
itly links client selection policies to queue dynamics, demonstrating that sampling strategies
can be optimized with respect to both learning and delay.

The work in [75] examined task offloading from IoT devices to edge devices, where task
queues are managed before transmitting local models to the FL server. While the framework
captures queue evolution on the device and edge side, the computational resources at the
FL server remain largely underutilized from a scheduling perspective, leaving room for more
comprehensive queue-aware designs that jointly consider edge and aggregation stages.

Overall, these queueing-based approaches show that modeling stochastic arrivals, service
rates, and buffer states can significantly improve the timeliness and efficiency of FL systems.
However, most existing works focus on flat or single-tier architectures and do not yet consider

hierarchical or UAV-assisted FL with coupled queues across multiple layers.

2.5.2 GAN-Based Data Augmentation in Federated Learning

To alleviate the adverse effects of Non-IID data, class imbalance, and privacy constraints
in federated settings, several recent works have incorporated GANs into FL architectures.
In [12], the authors proposed an asynchronous FL framework for training GANs, where
generators and discriminators are updated in a decentralized manner. Graph neural networks
are used to model discriminator interactions, enabling scalable and asynchronous updates of
the adversarial components across clients.

A personalized FL approach for smart healthcare was presented in [13]. In their proposed
approach, IoT devices trained local discriminators while generators produced synthetic sam-
ples to re-balance underrepresented classes. The aggregated synthetic dataset was then
shared among IoT devices, improving global model accuracy while respecting data locality

and privacy concerns.
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The work in [14] addressed privacy and data imbalance by introducing a divide-and-
conquer GAN framework. Instead of sharing raw data, clients upload generator models to
the server, which aggregates a subset of these generators into a global model. The global
generator then produces IID-like synthetic samples to support local training, with fully
homomorphic encryption ensuring privacy of exchanged parameters.

In [76], both generator and discriminator networks are trained locally, but only discrimi-
nators are transmitted to the server. The server aggregates discriminators and redistributes
updated generator models, enabling privacy-preserving adversarial training without exposing
raw data. A related extension to wireless edge environments was explored in [77], where edge
servers aggregate [oT updates based on a synthesis score that accounts for model quality
and dataset size, followed by hierarchical aggregation between edge and cloud layers.

The authors of [78] considered resource-constrained IoVs systems and proposed a GAN-
based FL framework combined with a DDPG-based selection mechanism. Their goal was
to balance training cost and synthetic data quality across heterogeneous devices. In [79], a
weighted aggregation scheme was introduced in which each client’s contribution to the global
GAN model was scaled by its mean maximum discrepancy score, improving stability and
representativeness in generator updates.

To strengthen privacy guarantees, [80] proposed a framework where each IoT device trains
a local GAN and shares only synthetic data with the server. The server aggregates this syn-
thetic data to build improved models while avoiding direct access to raw local datasets.
Finally, [81] introduced a GAN-augmented FL framework that relies on synthetic data gen-
eration (using models trained with large-scale tools such as ChatGPT and Stable Diffusion in
an AC-GAN setup) to mitigate Non-IID effects, thereby enhancing convergence and global
accuracy.

Collectively, these GAN-assisted FL frameworks demonstrate that generative models
can effectively address data heterogeneity, scarcity, and privacy constraints by enriching

local datasets with synthetic samples or replacing sensitive data with privacy-preserving
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surrogates.

2.5.3 Remaining Gaps and Motivation

The queue-aware and GAN-enhanced FL works discussed above are highly relevant to the
objectives of this dissertation, but they exhibit several limitations when viewed from the
perspective of mission-critical UAV-assisted systems.

First, queueing-based FL frameworks [73-75] primarily target flat edge or cloud archi-
tectures and do not explicitly model coupled queues across hierarchical tiers (e.g., IoT —
follower UAV-MEC — leader UAV-MEC). As a result, they do not capture how backlogs and
service rates at different layers interact to determine overall system delay in UAV-assisted
networks.

Second, GAN-augmented FL frameworks [12-14,76-81] are typically designed for static
edge—cloud or server—client configurations. They rarely consider UAV-MEC constraints such
as limited energy, dynamic coverage, and time-varying connectivity, nor do they account
for queueing effects when synthetic data generation and offoading occur concurrently with
federated training.

To the best of our knowledge, there is no existing work that jointly integrates: (i) hierar-
chical, queue-based modeling of data and task flows in UAV-assisted FL; and (ii) GAN-driven
data augmentation at UAV-MEC servers to improve accuracy under Non-IID conditions,
while explicitly considering delay and resource constraints. This dissertation addresses this
gap by developing a queue-aware hierarchical FL framework that leverages GAN-based data
augmentation at intermediate UAV-MEC layers, with the dual goals of mitigating the strag-
gler effect and enhancing global model accuracy in dynamic, resource-constrained wireless

environments.
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2.6 Research Gap

The literature on optimizing FL for heterogeneous and resource-constrained wireless systems
has grown significantly, with particular emphasis on mitigating the straggler effect, reducing
delay, and improving energy efficiency. Existing efforts fall into several categories, yet each
category exhibits limitations that restrict their applicability to realistic, multi-tier UAV-

assisted environments.

2.6.1 Limitations of Existing Straggler-Mitigation Techniques

A large body of work focuses on asynchronous FL to alleviate the impact of slow IoT devices
[54,55,59,74]. Although asynchronous aggregation reduces waiting time, it introduces stale
model updates, leading to degraded convergence and loss of global accuracy, particularly
detrimental in mission-critical applications. Coded FL approaches [56,57] improve robustness
by generating redundant parity data, but suffer from substantial communication overhead
and increased computational load, making them less suitable for energy-limited UAV-MEC
systems. Participant-selection methods [9,62,63] help reduce latency by excluding slow IoT
devices, but may compromise statistical diversity and thus global accuracy, especially when
data are highly Non-IID Computation offloading strategies [61,65] reduce device-side delay
but often treat MEC servers as static, high-capacity devices and do not account for the

dynamic mobility, energy constraints, or coverage variability of UAV-MEC systems.

2.6.2 Limitations of Hierarchical FL in Dynamic Wireless Net-

works

Hierarchical FL. (HFL) has emerged as a promising way to scale FL in large and heteroge-
neous networks, with several works optimizing resource allocation, association, and energy
use [11,57,64,82-85]. However, these approaches generally assume Static or grid-powered

edge servers, not mobile UAV-MEC platforms. They also consider only deterministic task
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arrivals, ignoring stochastic data generation typical of IoT sensing. They usually have single-
tier or simplified multi-tier structures, with limited coupling between follower and leader
servers. As a result, the temporal evolution of data, backlog accumulation, and real-time

congestion effects in multi-tier UAV-assisted systems are not captured.

2.6.3 Gaps in Queueing-Aware FL Approaches

Queueing mechanisms have recently been introduced to model task arrivals, service rates,
and scheduling in FL [73-75]. While these works demonstrate the value of queue-aware mod-
eling, they are limited in the few ways. They focus on flat, single-server or asynchronous
FL settings. They do not model hierarchically connected queues. They do not consider the
mobility and energy constraints inherent to UAV-assisted systems. They do not integrate
queue-aware processing with learning-quality improvements, such as synthetic data genera-

tion. Thus, the role of queueing in multi-tier UAV-assisted FL remains largely unexplored.

2.6.4 Gaps in GAN-Augmented FL for Non-IID and Resource-

Constrained Settings

GAN-augmented FL frameworks [12-14,76-81] demonstrate strong potential for mitigating
Non-IID data and improving accuracy. However, existing works typically assume i). Static
edge—cloud or client—server configurations, ii). No UAV mobility, coverage fluctuations, or
energy constraints, iii). No modeling of queueing dynamics when synthetic-data generation
and offloading occur concurrently and iv) No hierarchical interaction between multiple layers
of GAN-assisted FL. Consequently, the integration of GAN-based augmentation into realistic

queue-driven UAV-MEC environments remains unaddressed.

2.6.5 Summary of Research Gaps

The limitations discussed above reveal four critical gaps:

44



o Lack of queue-aware hierarchical FL frameworks that capture stochastic data

arrivals, multi-tier queues, and coupled delays in UAV-assisted systems.

 Insufficient modeling of UAV-MEC constraints (mobility, power limits, trajectory-

dependent connectivity) within FL optimization.

o Absence of joint queueing + GAN augmentation approaches that improve

both delay performance and learning accuracy under Non-IID data.

o No unified framework that simultaneously addresses straggler mitigation, queue
evolution, hierarchical aggregation, and accuracy enhancement in dynamic UAV-assisted

networks.

2.6.6 Motivation for This Dissertation

This dissertation addresses these gaps by developing a novel queue-aware, hierarchical,
GAN-enhanced FL framework tailored for UAV-assisted [oT environments. The pro-

posed system
o Models multi-tier queues across IoT IoT devices, follower UAV-MEC servers, and

leader UAV-MEC servers;

o Optimizes computation offloading, delay, and resource allocation under UAV power

and mobility constraints;

o Performs GAN-based data augmentation at UAV-MECs to improve accuracy under

Non-IID conditions;
o Provides a holistic evaluation of system delay, backlog evolution, and learning perfor-
mance.

To the best of our knowledge, no existing work jointly optimizes queue dynamics, hierarchical
FL, UAV-MEC resource constraints, and GAN-based accuracy enhancement within a single

unified framework.
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2.7 Summary

This chapter discussed the progression of resource optimization methods from traditional
wireless networks to modern machine learning-driven and UAV-assisted FL systems. We
first highlighted why resource optimization is crucial in future wireless networks that face
heterogeneous device capabilities, dynamic traffic patterns, and strict latency and reliability
requirements. Classical wireless resource optimization techniques were reviewed, followed by
studies that perform optimization within machine learning environments, particularly within
FL. These works addressed key objectives such as energy minimization, latency reduction,
and model-parameter optimization.

Next, we surveyed resource optimization techniques in UAV-assisted FL-based wireless
networks, including approaches for mitigating the straggler effect, MEC-assisted FL, device
selection, and joint communication—computation optimization. While these studies intro-
duced important progress, many relied on fixed MEC servers, single-tier network architec-
tures, or deterministic assumptions regarding data arrivals. We then reviewed queue-aware
FL approaches that incorporate stochastic task arrivals and scheduling constraints, along
with GAN-enhanced FL frameworks designed to mitigate Non-IID data effects through syn-
thetic data generation. However, existing works consider these components in isolation:
queueing mechanisms are rarely integrated within hierarchical FL, UAV-MEC systems are
commonly modeled without dynamic queues, and GAN-based augmentation is mostly re-
stricted to static edge—cloud settings. These combined observations reveal a clear gap in the
literature and motivate the development of the queue-aware, UAV-aided, and GAN-enhanced

FL frameworks proposed in this thesis.
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Chapter 3

Minimizing Delay in UAV-aided
Federated Learning for IoT

Applications

3.1 Introduction

Mission-critical IoT applications, such as forest-fire monitoring, flash-flood detection, border-
patrol surveillance, and wildlife activity tracking, rely on real-time data collection and rapid
decision-making under strict latency and reliability constraints. Many of these applications
operate in remote or infrastructure-sparse environments, where permanent terrestrial base
stations are either economically infeasible or operationally inefficient, since high connectivity
is needed only intermittently during specific seasons or emergency periods. In such scenarios,
deploying low-cost IoT devices deep inside forests or along remote borders is practical, but
ensuring reliable communication and timely data processing remains a major challenge.
UAVs equipped with MEC capabilities have emerged as a promising solution to these
challenges. Their mobility, flexible deployment, and ability to provide on-demand coverage

enable efficient data collection and localized processing in dynamic environments. UAV-
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MEC platforms can serve as aerial aggregation points and edge processors, reducing the
reliance on distant cloud resources and significantly lowering communication latency.

FL, which trains models collaboratively across IoT devices without sharing raw data, of-
fers a privacy-preserving and communication-efficient paradigm for distributed intelligence in
such environments. However, the practical deployment of FL in UAV-assisted IoT networks
is hindered by several limitations. IoT devices often differ in computational capabilities, bat-
tery budgets, and dataset volumes, leading to the well-known straggler effect: devices with
insufficient processing power or disproportionately large datasets take significantly longer to
complete local training, thereby delaying each global aggregation round. In mission-critical
settings, such delays can severely degrade responsiveness and system performance.

To mitigate straggler behavior, partial dataset offloading to MEC servers has emerged as a
promising direction. When UAVs serve as MEC platforms, they can process computationally
intensive portions of local datasets on behalf of constrained IoT devices. However, UAV-MEC
servers themselves operate under strict energy and processing limits, and their computational
budgets must be carefully managed. The coupled nature of device-side processing, UAV-
side computation, wireless channel variations, and dataset sizes makes optimal ofHoading
nontrivial.

Existing works have explored asynchronous FL, coded FL, device selection strategies,
and MEC-assisted processing to alleviate straggler effects. While these approaches improve
performance under specific conditions, they often suffer from limitations such as stale updates
(in asynchronous FL), high communication overhead (in coded FL), or degraded model
generalization due to excluding slower devices (in device selection methods). Moreover, most
MEC-based solutions assume static ground servers with abundant resources, overlooking the
unique operational constraints of UAV-MEC systems.

These challenges motivate the need for a unified framework that optimizes computation
offloading, energy consumption, and system delay in UAV-assisted FL environments. In

particular, mission-critical IoT applications demand (i) delay-aware offloading decisions, (ii)
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efficient utilization of UAV-MEC computational resources, and (iii) MEChanisms to incor-
porate device importance without compromising global model performance.

To address these challenges, this chapter proposes a UAV-aided FL (UAFL) framework
in which straggling IoT devices offload a controlled portion of their datasets to a UAV-
MEC server for remote processing. The framework optimizes transmission power, processing
power, and offloaded data size under system power and quality-of-service constraints. Ad-
ditionally, we incorporate a device-importance-aware participation strategy to improve the
timeliness of FL iterations. The proposed optimization problem aims to minimize system
delay while managing the distribution of computational load between IoT devices and the
UAV-MEC server.

The following sections present the system architecture, mathematical formulation, pro-
posed optimization methods, and an extensive performance evaluation comparing the UAFL

framework with traditional FL. and classical edge-learning baselines.

3.2 System Model and Problem Formulation

We consider a UAFL environment consisting of K number of IoT devices and @ number of
UAV-MEC servers. The k-th IoT device has its dataset C} that consists of input-output pairs
(x;,y,;), where x; are input features, while y,; are output labels. The k-th ToT device has
a convolutional neural network (CNN) where it runs stochastic gradient descent [19] on its
dataset using loss function f(wy) = loss(x;, y,;) to generate model parameters wy. Different
straggling IoT devices offload their datasets based on their computation requirements to
the ¢-th UAV-MEC server. The ¢-th UAV-MEC server combines and processes all offloaded
datasets on its CNN. Then, it sends these computed model parameters qu to the global FL
model at the primary aggregation UAV-MEC server to incorporate the effect of offloaded
data on the global FL neural network. System model for proposed system is shown in Fig.

3.1.
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Figure 3.1: System model for UAV-aided FL platform.

In step 1, the system state is gathered, which contains information about device power,
available computation capacity, and communication capacity of IoT devices and UAV-MEC
in the environment and is passed on to optimization algorithms. The optimization algorithm
makes offloading and power decisions based on the state information (step 2) and then
communicates it back to the network entities (step 3) (i.e., UAV-MEC and IoT devices).
The FL process comprises two stages; the first stage is where communications related to
upcoming FL iterations take place. In this stage, the system also offloads the dataset from
the straggler’s node to the UAV-MEC (step 4). This offloading dataset can range from
a small fraction to the entire dataset, depending on the decision made by our proposed
algorithm, which considers factors such as IoT capacity, UAV-MEC capacity, and network
conditions (e.g., bandwidth, data rate). In terms of © , if we are offloading few bytes of
dataset from k-th IoT device then ©f will be very near to 0 and on the other extreme, if we

are offloading whole dataset then ©f will be equal to ©,,4,. Out system implementation is
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such that it supports offloading in whole range of ©, i.e., from 0 to ©,,,, for all [oT devices.
Once the communication stage is over, the FL process starts the FL training at IoT devices
on their local dataset (i.e., the dataset which is left after offloading) and UAV-MEC on
offloaded datasets (step 5). Once the training is complete on IoT devices and UAV-MECs,
the resultant model parameters are forwarded to the aggregation model, aggregating these
model parameters into a single global model (step 7). The global model then sends these
parameters back to the participating IoT devices to start the process for the next global
iteration.

The system considers one UAV-MEC as the primary aggregation server (along with its
computation), and all other UAV-MECs are computation UAVs only. All UAV-MECs collect
model parameters from connected IoT devices and then send these model parameters along
with their own computed model parameters with this primary UAV. This primary UAV-
MEC server then aggregates these received model parameters from other UAV-MEC servers
and its own connected IoT devices, with its existing global learning model parameters and
returns the updated model parameters to other UAV-MEC servers. UAV-MECs, including
primary aggregation server, then broadcast model parameters to the connected IoT devices.
This work does not consider selection and communication between UAV-MEC servers (we
intend to work on it in the future). We consider this communication and model transmission
time between UAV-MEC servers as a fixed part of aggregation and broadcasting delay.

The proposed system provides a QoS guarantee to loT devices by ensuring a minimum
data rate X,,;,. Since the UAV-MEC and IoT devices both have a limited power budget
(which in turn impacts communication and computation limits), we work to find the best

dataset offloading strategy to reduce system delay in this work.

3.2.1 System Delay Formulation

In each global iteration for FL, we have one or multiple local iterations at k-th IoT device.

In each local iteration, the training continues until the loss on the local dataset is less than
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a pre-defined threshold. Loss function on the k-th 1oT device’s CNN can be defined as:

1
Fy(wy) = 5—7 Z Jilwr), (3.1)
i€(Cx\O71)
where wy, is model parameters, Cj is the dataset, and Ry = |C| represent samples in

dataset at k-th ToT device. ©F is the offloaded dataset, 6] = |©1] is the number of records
(samples ) in the offloaded dataset, and f; is the loss function for ¢-th dataset record. In
this work, f;(-) denotes a standard supervised learning loss function; for classification tasks,
it is instantiated as the categorical cross-entropy loss, while the formulation is kept generic
to preserve applicability to other loss functions and learning tasks. The per-sample loss
function f;(+) is evaluated on the model output corresponding to the i-th sample, regardless
of the underlying data modality, enabling support for image-, signal-, and tensor-based inputs
commonly used in CNNs.

Offloading delay is the ratio of data to be offloaded and achievable bandwidth. Offloading
delay for k-th IoT can be defined as:

I
(@] @k

Dy = Xk = ;
* " Bloga(1+ pPGy)

(3.2)

where B denotes bandwidth, p{ denotes transmission power and G} denotes gain at k-th
[oT device. xj represents the IoT device selection variable. It will be one for the IoT device
selected for the iteration and zero when the IoT device is not selected. The channel gain for
k-th 10T device can be calculated as [86]: G = 107%+/1° where ¢y, is the path loss for k-th
IoT device. We consider the air-to-ground channel model utilized in [87]. Path loss between

UAV-MEC and k-th IoT device can be calculated as:

NLoS — NINLoS (33)

Pr = 2 )
1+ anp[—b(%Qk - a)] +20 log(%) + 1IN Los

where a, b, Do, INLos are decided based on communication environment. o = sin™!(z;,/dy,) is
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the angle of IoT device k£ to UAV-MEC. dy, is the distance from k-th IoT device to UAV-MEC
and zj denotes the height of UAV-MEC from ground.
On each IoT device, we have stochastic gradient descent running, and the total compu-

tation 3y at k-th IoT device can be calculated as [88]:

Ji = TBlbA = YO, (3.4)
where T denotes epochs per round, B}! = z—: denotes (mini) batches per epoch for k-th loT

device, by denotes the number of records in each batch and A denotes cycles required for

training 1 bit of data. We can calculate the computation capacity of k-th IoT as:
Sk = —_, (35)

where v, denotes the capacitance coefficient and p! represents the power available for pro-

cessing. Computation delay at k-th [oT device can be written as:

=Y
Df = @. (3.6)

The loss function at the ¢-th UAV-MEC’s CNN with the offloaded dataset is defined as:

1
Fwl)==> fY), (3.7)
Sq €6,
where wg denotes the model parameters of ¢g-th UAV-MEC after processing offloaded datasets.
Sy =Y rex X107 is the combined dataset of offloaded datasets (to ¢-th UAV-MEC server),
s, = |6,| is combine length of all ofloaded datasets. We can redefine the data aggregation

process as follows:

w= % (Z Xu(Ri — 0wy + 6 wa{) : (3.8)

keK q€eQ

where w are the global aggregated model parameters transmitted by the UAV-MEC aggrega-
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tion server back to IoT devices, R = ), _, Ry, are the samples of total dataset offloaded by
[oT devices and 6 = 4cq 9q 18 the sum of all offfoaded dataset samples . The computation

capacity of ¢g-th UAV-MEC can be written as:

sy =] =, (3.9)

where &, is the capacitance coefficient and tf; is the power available for processing at ¢-th

UAV. The computation delay of ¢-th UAV-MEC can be written as:

TA of
E{f = @ (3.10)
/tg
&
System processing delay can be defined as:
Dp = N max{max Dy ,max E} } + N D, (3.11)
keK qeQ

where Dy, is the aggregation and broadcasting delay, N is the number of iterations required

to converge the model to a specific accuracy and can be written as [89]:

v [(1 1) e 2] o1

where o and f are FL parameters (configuration and data distribution), and e denotes the
certain training loss that we want to achieve. We utilize the approach in [47] to calculate
these parameters. More specifically, we do curve fitting on historical data of FL and derive

the relationship between training rounds and data characteristics to derive values of o and

8.
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3.2.2 Node Importance

Our system model considers K IoT devices, each with different computational and com-
munication capacities. If any of these devices encounter challenges in processing its local
dataset, it introduces delays in the system. We employ dataset offloading to the UAV-MEC
to mitigate this issue, leveraging its computational capabilities. The optimization of system
delay is further examined by evaluating the significance of each connected IoT device [90].
This involves reducing the number of [oT devices in each iteration, focusing solely on those
with higher importance. The importance is determined by considering reliability, connec-
tivity, and participation in iterations. Afterwards, we calculate importance using an update
gradient, i.e., the update gradient is computed for each IoT device at the UAV-MEC server.
Utilizing these gradients, the UAV-MEC calculates the importance of each IoT device. In
this context, the gradient serves as a metric for measuring the contribution of a specific node
to the convergence of the FL algorithm. The gradient of k-th IoT device at time ¢ can be

calculated as [91]:

o =11 v fwr sy, (3.13)

t=1 ieC}
where o, denote magnitude of local gradient of each device at time t, 7 f(wp @ i, y;)
denotes the gradient at sample(x;, y;) of dataset.

The UAV-MEC calculates the importance of k-th IoT device using the following:

max;ey Ly — Ls

Ot
Yoy = heltl (11 ,
o ( )ZjeU(maXiGU Lj—L;)

’ ZieU Oit

(3.14)

where T}, is the importance of node £ at time ¢, h is user-defined importance configuration
variable and h € [0,1], Ly is the distance of node k from UAV-MEC. U denotes the set of
devices selected for this iteration. The UAV-MEC selects the top X percent devices from
the devices (i.e., added to set U) with maximum importance calculated at the above step

and sets y = 1 for selected IoT devices and xy = 0 for not selected IoT devices.
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3.2.3 Optimization Problem

In the optimization problem, we minimize system delay while considering energy variables
and dataset offloading size. In simple terms we are working to reduce system delay by
optimizing system’s processing power (P%), transmission power (P%) along with data dataset
offloading size (©1). The complete optimization problem can be written as:

@ir;lé{lpﬁ : r’?gg{ D;? + Dp

Subject to:

Cl:) w0+ ) 1k < P

keK keK
C2:> 0+t < PY,
q€Q q€eqQ
C3:0<p?,pY < PlT Wk ¢ K (3.15)

mazx?

C4: Pl < 9 4 pl < PIoT i ¢ K

min max’

C5: PY..

<t/ <PY.VgeQ

max

C6:0< 0. <O, VkeK
C7: Blogy(1 + p{Gy) > Xnin,Vk € K

C8:x,€{0,1},Vk € K,

U

where PI°T denotes the total power budget for IoT devices, P, , represents the total power

budget for UAVs, PI°T represents maximum power limit for an IoT device, and P°T denotes

max man

minimum power limit for an IoT device. PY, and PY, . represent the minimum and max-
imum computation power budget for UAVs, respectively. C1 and C2 limit the total power
consumption of IoT devices and UAVs, respectively. C3 and C4 ensure that communication
and computation power is greater than zero. C5 limits the computation power for each UAV.

C6 limits the maximum offloaded data to be less than available data on IoT devices. C7 is a

QoS constraint and ensures the data rate achieved by each [oT exceeds the minimum data
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rate. C8 ensures that each IoT device is either selected or not-selected i.e. x is either zero

or one for each iteration.

3.3 Proposed Solution

In this section, we propose two solutions for solving the problem in (5.16). First, we solve
the problem using a traditional optimization approach. Afterward, we propose a secondary

reinforcement learning solution with less runtime complexity.

3.3.1 Traditional Optimization-based Solution

The objective function is not jointly convex on optimization variables, as system variables are
not mutually convex. This makes the proposed problem a non-convex optimization problem.
We decouple this problem into a master and two sub-problems. We consider 6! as a coupling
variable and drive the solution fixing # for sub-problems. The first sub-problem can be

stated as:

I
min : ¢ max | Yx—= Ok %)
pg | k€K \ Blogy(1+ pfGy) (3.16)

Subject to: C'1 and C3.

We optimize (3.16) for p{, and all the constraints are linear, making it a linear sub-
problem. We convert this problem into epigraph form and introduce an auxiliary variable

Ty. The problem can now be represented as:

min : T}
pg. T
Subject to: C1, C3 and (3.17)
@I
C9: xrp—= k <TVEkeK.

Blogs(1 + p?Gy)
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We optimize the computation delay at IoT devices and UAV-MEC for the second sub-
problem. We improve the delay by optimizing processing power on [oT devices and UAV-

MEC. The problem can be written as:

T I
_— (Cr — ©y) 2 ke Ok
min :max { maxyy [ ———=— | ,max [ = ——
PExioty ke kK Py 9cQ \/ tgi (3.18)
Vg q ’

Subject to: C'1, C'3 and C5.

By converting (5.16) into epigraph form and introducing an auxiliary variable, we can
convert the problem into a minimization problem.

min : 75
k% pu, To

Subject to: C'1, C3

I
C10: Ty >= kawe K (3.19)
/pk
Vk
Cl1: T, >= Z’fEK ek TRy e Q.

Eq

where C10 and C11 are constraints introduced by converting the problem into epigraph form.
Replacing the P1 and P2 in the original problem and reshuffling variables in C9, C10, and
C11 constraints.
min :T1+ NDg + NYNT2
o pQ,PE T, Ty

Subject to: C1 — C7,

C12 : Ty (Bloga (1 + p{Gy)) — (xx©L) > OVk € K

(3.20)
P
Vg

C13: T —(C,—01) > 0Vk € K

Cl14: Ty — (O _Oixk) = 0vg € Q.

keK

58



Q-Values Selected Action

Offloading [Action Selection| (offloading ratio,
% Ratios % Policy power allocations

ToT Power for IoT, UAV

allocations

Deep Neural Network UAV Power Replay Memory

— allocation

DRL Agent

wonay

Action State  Reward Next State

al s r sl

Train

Sihie

'—--\I----------------------------- ----------.
Environment

an s_n r-n s.n'

State

State
Reward

4"'~‘
f@
(@
g
7

‘Q 25 (4
.--q’---—- ----- .------.-”-.-----_‘ -------------

i@. @E"’?ﬁ @. @. i' E‘.

. ~ . @) @ Processing
%% I0T devices /.\ UAV-MEC W Datasets Capability

Figure 3.2: DRL-based solution for UAFL framework.

To solve this modified problem, we use the deterministic concurrent simplex algorithm.
This algorithm applies dual and primal simplex with root relaxations to find the optimal
solution concurrently [92]. We utilize Python with the Gurobi optimization toolkit for the

simulations.

3.3.2 Reinforcement Learning-based Solution

In the proposed UAFL framework, each UAV-MEC functions as an agent, with the envi-
ronment enclosing all IoT devices. We utilize a single-agent variant of deep (Q networks
in this work. In our scenario, the agent is deployed at the UAV-MEC server. Within the
framework of reinforcement learning (i.e., deep Q-learning), the agent maintains a ) value
table Q(s’, a’), where s denotes the state vector, a signifies the actions taken by the agent,
and @ value denotes the expected reward obtained by executing action a in state s at time

7. The agent determines the action a based on the () value table and communicates it to the
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environment. The environment, in turn, provides the reward value r/ to the agent, based on
the current system state and action. Additionally, the environment provides the subsequent
state s/T! based on the action a* chosen by the agent, which the agent utilizes to update
its () value. The agent takes the action with the highest ) value under the specified action
selection policy (E-greedy policy in our case). The overall view of the DRL-based solution
for UAFL is illustrated in Fig. 3.2.

The updated value of the agent’s () table can be written as:
Qupdatea (58, 0”) = Q(s1,0”) + alr + BmaxQ(s",a) — Q(s7, a)}, (3.21)

where a is the learning rate, and *B is the attenuation factor.

At any time j, the state vector of the environment encompasses six parts: (i) power
budget for UAV-MECs ¢ = [T}, 15, ..., T,], where T, is the power budget for gth UAV, (ii)
the power budget for 10T devices P = [Py, P, ..., P, where P, represents power budget
for k — th 10T device, (iii) the minimum and maximum power limits for UAVs t/m =
[(E7ee, £7), (85r, 1597), L (Ee, 2], where %% and ¢7"" represent maximum and min-
imum power limits for ¢ — th UAV-MEC respectively, (iv) the power limits for IoT devices
piim = [(prae, prin), (pgree, pvn), ... (praee, pim)], (v) the device selection variable for IoT
devices x = [x1, X2, ---» X&), Where i represents the selection of k — th IoT device for the
iteration, and (vi) the minimum data rate IoT devices require X,,;,.

The system state can be represented as:
s = {T, Pt p"™ X, Xynin } (3.22)

Whenever a new state is generated (i.e., a new global iteration occurs), the agent will
choose a new appropriate action to act on the environment according to the current system
state. In our scenario, the action is composed of the following variables: (i) the power

allocation for all ToT devices p = [p1, pa, ..., Px), Where py represent the power allocated to
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k — th IoT device, (ii) power allocated to UAVs t = [t1,ts,...t,], where ¢, is the power
allocated to ¢ — th UAV-MEC, (iii) offloading decisions/ratio/percentage for IoT devices
© = [01,0,,...0, where Oy is the offloading variable for k& — th IoT device. The whole

action space can be represented as:

o’ = {p,t,0} (3.23)

Once the action is sent to the environment, the reward will be generated by the reward 7.
In our scenario, this reward is calculated by combining the offloading delay and processing
delay from (4.22) and (5.15) respectively then multiplying the result by a negative factor.
This reward is fed back to the agent. Stated the reward is a reciprocation of system delay.
The more delays result from actions sent by the agent, the less will be the reward and vice
versa.

We can deploy this DRL-based solution alongside a traditional optimization-based solu-
tion for training. The DRL-based solution receives the same data as the traditional optimiza-
tion solution and trains on that dataset for a specific amount of iterations (our experiments
showed that after 2000 iterations, predictions of the DRL-based solution were on par with
the traditional optimization solution). Once we deploy a trained DRL-based solution to the
UAV-MEC environment, the decision-making cost is reduced drastically from exponential
time to constant. Specifically, in this case, the worst-case complexity of the traditional op-
timization approach will be O(2"). For the DRL-based solution, the runtime complexity is
O(1). This reduced complexity makes DRIL-based solution more desirable to be utilized in

most cases.

3.4 Performance Evaluation

We present the performance analysis of the proposed UAFL framework compared to tra-

ditional FL [20] and centralized edge-Al learning (CEL) which refers to the application of
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the MEC system for computation offloading [21]. In the traditional FL, each IoT device
performs local FL iterations to train its model parameters using its local dataset. Once the
local iterations are completed, the device sends its computed parameters to the aggrega-
tion server (in this case, the UAV-MEC server). The aggregation server aggregates model
parameters from all IoT devices and returns a single global aggregated model parameter.
Each IoT device then updates its local parameters based on the received parameters from
the aggregation server before the next global iteration. In contrast, in the edge-Al approach
(CEL), datasets are offloaded to edge servers, and FL iterations are performed over the edge
using various computation UAV-MEC servers. In this work, we employ different approaches,

each represented by the following schemes:

"FL”: traditional FL [20]

o "CEL”: the Centralized Edge-Al Learning approach presented in [21]

e« "UAFL”: our traditional solution approach

o "UAFL_drop”: our traditional solution approach with integrated node selection

o "DRL”: our DRL-based solution approach

3.4.1 Configuration and experimental procedures

The experimental configuration is selected to reflect a practical UAV-assisted IoT deployment
while maintaining computational tractability. Specifically, we consider a network comprising
K =20 IoT devices served by a single UAV-MEC (@ = 1), representing a moderate-density
sensing cluster commonly adopted in UAV-assisted edge learning studies [93]. This setting
allows the straggler effect, queue dynamics, and delay—accuracy trade-offs to be clearly ob-
served without introducing additional coordination complexity associated with multi-UAV
systems. While K is fixed in the baseline experiments, the proposed optimization frame-

work is independent of the network size and can be directly extended to denser deployments.
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The bandwidth for the channel is set to B = 20M Hz. The power budget for UAV-MECs
PY. ., and ToT devices P97 is set to be 10 watts (unless explicitly stated otherwise). In each
power section, i.e., IoT device power or UAV-MEC power, we subdivided the power into
computation/processing power pl/ t(f and offloading power p%/ th. We consider that the
power budget for communication for UAVs tqo is fixed. It can be considered constant as we
communicate with a fixed number of IoT devices and UAV-MECs and almost a fixed com-
munication load for each IoT device and UAV-MEC. We consider a minimum and maximum
power limit for both computations and communications for each IoT device. The minimum
power for an IoT device is P/°I=0.01 W, and the maximum power is P/°L= 0.5 W for

both communication and computations. For UAV, the lower limit for computation power

: U
is P,

= 5W, and the upper limit is PY = 10 W. The selected system parameters align
with standard 5G new radio channel configurations supported for aerial communications, as
specified in 3GPP TR 36.777 [93] and widely used in related UAV-MEC literature. ~ We
consider the MNIST dataset of size 400Mb in our simulations [94]. We utilized 80,20,20
training, testing, and validation splits for our dataset. We trained our model against the
training dataset and improved it against the validation dataset. For reporting results we uti-
lized testing portion of dataset not shown to models before. The MNIST dataset is adopted
as a benchmark to provide a controlled and reproducible learning environment, allowing
the impact of the proposed queue-aware offloading and FL mechanisms to be isolated from
dataset-specific complexity. The objective of the experimental evaluation is not to demon-
strate state-of-the-art image classification performance, but rather to analyze system-level
metrics such as training delay, queue stability, ofloading efficiency, and resource utilization
under Non-IID data distributions. Robustness of the proposed framework is evaluated with
respect to dynamic network conditions, heterogeneous device capabilities, and non-IID data
distributions, rather than across multiple datasets. Since the proposed optimization and of-

floading strategies are independent of the specific dataset and loss function, the conclusions

drawn from MNIST generalize to other supervised learning tasks. Using a lightweight
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dataset enables extensive experimentation across varying traffic loads, offloading ratios, and
resource constraints, which would be computationally prohibitive with large-scale datasets
in UAV-assisted environments. ~ We consider the capacitance coefficient for UAV (&) and
IoT (v) to be e~ [95]. We fixed a time slot of 200ms for parameter aggregation and model
broadcast. We consider a to be 1 and 3 as 40. We set the target training accuracy to
be 98%. The results are aggregated over 10° Monte-Carlo simulations and include a 95%
confidence interval. We set the importance criteria of top 80% for IoT devices selected for
iterations. For the neural network structure utilized by FL, we consider a CNN with two
convolutions and a linear output layer with flattening in between. We prioritize [oT devices
based on Eq. (3.14) for simulations. For reinforcement learning, we consider the epsilon
greedy policy. We do 2000 training iterations for training. We utilize replay memory of size
10000. The batch size is set to 128, the epsilon start is set to 0.99, and the epsilon end is
set to 0.1. We consider the decay rate for epsilon to be 1000 (higher means slower decay).
We use Huber loss as a loss function and Adam optimizer with a learning rate of 0.0001 for
network optimization. We utilize a deep neural network (DNN) with three layers for Q-table
estimation. Detailed simulation parameters are shown in Table 5.1.

We utilized Python to create these simulation environments. For traditional optimiza-
tion, we utilized Gurobi, while for implementing FL. and deep reinforcement learning, we
utilized PyTorch. We utilized the Google Cloud Platform compute engine to run these

simulations. More details of this environment are enlisted in Table 4.2.

3.4.2 Simulation Results

We present the simulation results to evaluate the performance of our proposed framework
based on metrics such as testing accuracy, system-wide delay, and power saved under vary-
ing network conditions and resource constraints. The results are compared against baseline
approaches to demonstrate the effectiveness of our method in optimizing model training in a

UAV-assisted FL environment. It’s worth noting that the methods proposed throughout the
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Table 3.1: Simulation parameters.

Description Parameter Value
[oT devices k 20
UAV-MEC servers Q 1
Channel bandwidth B 20 MBs
Power budget for UAV-MECs PY. 10 W
Power budget for IoT devices Plel 10 W
Minimum power for IoT device ploT 0.01 W
Maximum power for [oT device Pt 0.5 W
Minimum computation power for UAV- | PV, 5 W
MEC server
Maximum computation power for UAV- | PY__ 10 W
MEC server
Capacitance coefficient for UAV-MEC | £ le 19
Capacitance coefficient for [oT v le %
Dataset utilized for FL MNIST 400Mb
FL parameter Q@ 1
FL parameter 153 40
FL training accuracy 98%
FL model CNN 2 convolution layers and 1
linear layer
Transmission and broadcast delay Dy 200ms
Minimum data rate Xomin 1Mb/s
Device selection base on importance X top 80%

Policy iteration
Training epochs
Replay Memory

DRL batch size
Epsilon start

Epsilon end

Epsilon decay rate
Loss function
Optimizer

Optimizer learning rate

DQN neural network

Epsilon Greedy policy
10000

2000

128

0.99

0.1

1000

Huber loss

Adam

0.0001

DNN with three layers
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Table 3.2: Implementation details.

Parameter Value Specification

Language Python 3.10.0

Traditional Optimization Gurobi 10.0.2

Federated Learning PyTorch 2.1.0

Reinforcement Learning PyTorch 2.1.0

Compute Engine Google Cloud | current
Compute

Number of vCPU Cores 8 N1

Memory 32 Gb RAM

Permanent Storage 500Gb SSD

Graphics Processing Unit 16Gb Nvidia Tesla T4

thesis are not intended to compete as alternative classifiers, but rather to address comple-
mentary aspects of UAV-assisted FL systems. Accordingly, they are evaluated using different
performance metrics aligned with their respective objectives. Specifically, the methods
are compared and evaluated along the following dimensions: i) Predictive performance:
measured in terms of classification accuracy to ensure learning quality is preserved, ii) Com-
putational complexity: assessed via per-round computation cost and solver convergence
behavior, iii) Offloading capability: evaluated through the amount of data and computa-
tion successfully offloaded under delay constraints, iv) Resource efficiency: quantified in

terms of power consumption, bandwidth utilization, and queue stability.

System Accuracy

Fig. 3.3 shows the testing accuracy of each IoT device’s local model before the weights
are offloaded to the UAV-MEC server for aggregation for each iteration. The initial rounds
show some variability in accuracy across the IoT devices, reflecting differences in local data
distributions and learning progress. However, as the global iterations proceed, the accuracy
of each device steadily improves, showing the effectiveness of the proposed UAFL approach.

The results show the advantage of the UAFL, where the UAV-MEC server acts as a central
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Figure 3.3: Test accuracies for global model and individual IoT devices for UAFL.

entity that enhances learning by leveraging offloaded data and providing global weight up-
dates without compromising system-wide accuracy. As the iterations progress, the system
ensures convergence towards higher accuracy for all IoT devices, highlighting the effective-
ness of the proposed collaborative learning approach. The figure shows that, despite the
initial variability, UAFL leads to consistent improvements in accuracy across all loT devices
as the number of global iterations increases.

Fig. 3.4 (a) illustrates the average testing accuracy of IoT devices for each iteration for
different solution approaches. Among the approaches, FL. demonstrates the highest average
accuracy, which is attributed to the fact that FL processes the largest amount of data on
each IoT device, which results in more generalizable local models and, consequently, higher
average accuracy per device. In contrast, UAFL and DRL exhibit slightly lower accuracies,

falling within a similar range. This can be explained by the smaller datasets processed
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of (a) average IoT device accuracies and (b) global model accuracies.

at each iteration compared to FL, leading to a less generalized model on individual IoT

devices. The UAFL_ drop approach, which incorporates IoT device dropouts during each
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global iteration, shows marginally lower performance than UAFL, DRL, and FL. This is due
to the reduced collective learning capacity when some IoT devices are excluded from the
training process. This results in less data diversity and a smaller pool of model updates.
CEL shows zero accuracy for IoT devices, as all data is offloaded to the UAV-MEC server,
and no model training occurs locally on the IoT devices.

Fig. 3.4 (b) presents the global model accuracy on the UAV-MEC server for each global
iteration. The accuracy of the global model corresponds to the average loT device accuracies
depicted in Fig. 3.4 (a). Notably, CEL slightly outperforms the other approaches in terms
of global accuracy. This can be attributed to the fact that the entire dataset from all IoT
devices is offloaded to the UAV-MEC server, allowing for training a single comprehensive
model over the combined data. UAFL, DRL, and FL show comparable performance in
global accuracy, with slight variations. However, UAFL_ drop lags behind, especially in
earlier iterations. The reason for this delay in achieving the target accuracy is the reduced
number of devices selected for training in each iteration, which results in a lower variety of
datasets available for learning. Consequently, the UAFL_ drop model struggles to generalize
effectively, reaching the required accuracy threshold only in the final iteration, whereas other

approaches achieve this threshold few of iterations earlier.

System Delay

Fig. 3.5 illustrates the relationship between system delay and the power allocation for
[oT devices for K = 10 IoT devices. Notably, the system delay decreases as the power
budget allocated to [oT devices increases. This phenomenon occurs because a higher power
budget enables IoT devices to engage in more local processing, thereby reducing computation
delay in the system, particularly evident in scenarios involving FL, UAFL, UAFL_ drop,
and DRL. Contrarily, in the context of CEL, there is a marginal alteration in delay with
increasing power per device. This is primarily due to the data being entirely offoaded to

the UAV-MEC server, where greater power at IoT devices translates to increased capacity
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Figure 3.5: System delay versus power allocation for IoT devices for different solution ap-
proaches.

for offloading. In contrast, the effect is minimal in FL since no data offloading occurs.
However, in DRL, UAFL and UAFL_ drop, where data offloading is part of the process but
constitutes a smaller proportion than local processing, optimal offloading results in lower
system delay than FL. Despite UAFL_drop exhibiting similar performance to UAFL, it
experiences slightly lower delay attributed to less number of devices for the same power
budget in the iteration. Additionally, the DRL-based implementation of UAFL performs
slightly worse than UAFL but still significantly outperforms FL and CEL by utilizing an
optimal dataset offloading size. We can see from these results that UAFL__drop out performs
other schemes. The fewer 10T devices allow for a slightly higher power budget per device,

resulting in a slightly shorter delay.
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Fig. 3.6 shows the system delay as the number of IoT devices increases for the fixed power
budget for IoT devices at 10W. The result indicates that the system delay also increases as
the number of IoT devices increases. Among the options considered, CEL exhibits the high-
est delay. In CEL, where the dataset is offloaded to the UAV-MEC server, an increase in the
number of IoT devices leads to a linear increase in the size of the processing dataset, hence
the escalating delay. FL outperforms CEL as it processes data locally without offloading,
resulting in better delay performance. However, as the number of IoT devices increases, the
reduced power per device leads to increased delay as processing local datasets becomes more
resource-intensive. UAFL and UAFL_ drop demonstrate the best performance among the
four approaches (CEL, FL, UAFL, and DRL). Regarding UAFL and UAFL_ drop, their per-

formance surpasses FL due to optimal offloading, which minimizes local processing in favor
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Figure 3.7: Computation power saved versus number of loT devices with fixed power budget.

of UAV-MEC server processing. UAFL_drop demonstrates a slight marginal improvement
over UAFL, as the dropped power budget from devices during iterations can be redistributed
among other devices, enhancing overall performance. By optimizing the dataset offloading
size, proposed schemes can offload some data to the UAV-MEC for processing, reducing the
burden on individual devices. Additionally, the offloading cost is lower than that of process-
ing locally, contributing to superior performance. While the DRL-based approach performs
significantly better than CEL and FL, it falls slightly short of UAFL_drop and UAFL’s
performance. Though not exact, the DRL’s capability to converge close to optimal solution

results in slightly lower performance than UAFL.
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Power Saved

Fig. 3.7 illustrates the IoT power conservation achieved with increasing [oT devices. The
findings reveal consistent power savings in the case of CEL, contrasting with diminished
savings observed in FL, UAFL, and UAFL_drop. Specifically, CEL exhibits the highest
and relatively constant power conservation. The CEL approach offloads all the data from
[oT devices to the UAV-MEC server. The only power consumed by IoT devices is on data
offloading to the UAV-MEC server. The rest of the power is saved as the UAV-MEC server
now does processing. This saves most of the power of IoT devices. As the number of IoT
devices increases, the power saved decreases consistently. We can conclude that CEL saves
the most power on IoT devices compared to other approaches. In the case of FL, as the
number of IoT devices increases, the power budget for each device decreases Additionally FL
consumes the available power solely for local processing since there is no offloading to the
UAV-MEC server, saving all remaining power after processing the local dataset therefore,
we can observe a drastic decrease in power saved in the case of FL. Meanwhile, DRL, UAFL
and UAFL_ drop involve both offloading and processing the local datasets, which would
typically increase power consumption. However, by optimizing the dataset offloading size,
these approaches achieve greater power savings than FL. UAFL_drop performs slightly
better than UAFL and DRL, with additional power saved as some IoT devices are dropped
before iteration, thereby making the same power available to the rest of the IoT devices.
DRL-based implementation of UAFL produces results that are better than FL but slightly
worse than UAFL and UAFL_ drop. It produces better results than FL, using the optimal
dataset offloading size. Still, it produces inferior results compared to UAFL, as its optimal
dataset offloading size is slightly less optimal than that of UAFL. This difference in the
optimal ratio in the DRL-based solution from UAFL is responsible for power overuse in
DRL-based implementation. Overall, the results suggest that CEL outperforms FL, UAFL,
and UAFL_drop and DRL in terms of power conservation at IoT devices.

The preceding results show that UAFL and UAFL_ drop exhibit superior performance in
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Figure 3.8: Computation power saved versus number of loT devices with fixed power budget.

terms of delay reduction, whereas CEL surpasses these methods in conserving power across
[oT devices. Despite CEL demonstrating the most effective power-saving capabilities, the
consequential impact on delay stemming from offloading and processing all datasets from IoT
devices on a single UAV-MEC server is substantial. This system aims to enhance both power
conservation and delay, wherein DRL, UAFL and UAFL_ drop emerge as the top-performing
strategies.

Fig. 3.8 shows the system delay with respect to UAV power budget changes. As the
power budget increases, system delay decreases across different schemes. For CEL, the delay
is reduced most significantly, as the increased UAV power enhances its computation capacity,
leading to better performance. In contrast, FL shows no improvement in system delay, since

the processing capacity of the IoT devices remains unchanged. The limited computational
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task at the UAV for aggregation also results in a negligible effect, as no data is offloaded
to take advantage of the increased power budget. UAFL demonstrates a gradual decrease
in system delay as the UAV power budget rises. This is because a higher power budget
allows for larger dataset offloading, ensuring an optimal balance between the delay incurred
from offloading and faster processing at the UAV. Due to this gradual increase in offloading,
we see a slight decrease in system delay as the UAV power budget increases. UAFL_ drop
performs slightly better than UAFL as the number of devices is reduced for each iteration,
and that results in more capacity per IoT device at UAV. DRL shows comparable results
to UAFL; however, has slightly higher system delay as it finds an almost-optimal dataset
offloading size. This is due to the nearly optimal dataset offloading size chosen by DRL,
which is less efficient than UAFL, leading to marginally greater system delay compared to
UAFL and UAFL_ drop.

Based on the results above, we see that UAFL is better for reducing system delay, while
CEL saves the most power on IoT devices. Although CEL saves the most power, it also adds
the most delay to the system by processing all datasets on the UAV-MEC server. UAFL
performs better in reducing delay compared to CEL, FL, and DRL-based methods; however,
adds more run-time complexity. However, the DRL-based method performs almost as well
as UAFL, with the added benefit of much lower runtime cost.

In summary, the traditional optimization approaches including UAFL_ drop and UAFL
performed best with minimum system delay. Out of these two, UAFL_ drop slightly outper-
forms UAFL because it can additionally select IoT devices for each FL iteration. In mission-
critical scenarios, the application of traditional optimization solutions becomes limited due
to their high computation complexity. Although the DRIL-based solution’s performance is
slightly inferior compared to the traditional optimization solution. However, its applicability

in mission-critical scenarios is much more favorable due to lower runtime complexity.
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3.5 Conclusion

This chapter proposed a UAFL framework to reduce the straggler’s effect by offloading
computation from the straggler’s device on the UAV-MEC. UAFL optimized computation
power, communication, and data offloading strategies by leveraging UAVs to reduce system
delay significantly. We consider computation offloading while considering UAV-MEC com-
putation power, IoT’s communication and computation power, and QoS constraints. We
formulate a system-wide delay optimization problem to optimize system delay by optimally
adjusting offloading to UAV server on stragglers loTs, UAV-MEC computation power, [oT’s
communication, and computation powers. We transform the problem to epigraph form and
introduce auxiliary variables. We then solve this problem using deterministic concurrent
simplex with root relaxations. We propose a second DRL-based solution to reduce the run-
time complexity of the problem. Extensive simulations are done, and the results ensure the
proposed scheme’s effectiveness compared to traditional FL. and CEL. Results depict that the
proposed DRL-based scheme is also as effective as the proposed traditional solution-based
scheme. From the above work, we conclude that by careful utilization of UAV-MEC and IoT
resources, the performance of FL. can be improved in terms of delay and power utilization
while mitigating the straggler effect. This work can be further enhanced by increasing the
coverage area by increasing the number of UAV-MECs in the system. Generative Al-based

solution approaches can be explored to further reduce delay in the proposed system.
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Chapter 4

Delay Optimization in Hierarchical
UAV-aided Federated Learning for

Straggling IoT Devices

4.1 Introduction

Future IoT applications, particularly in mission-critical scenarios such as forest fire surveil-
lance, flash flood alert systems, require both high reliability and low latency. These systems
often generate large volumes of real-time data in geographically dispersed wireless networks.
For example, a flash flood in San Diego led to multiple fatalities and displaced over 800
individuals in 2024 [1], and very recently in July 2025 in Texas [2], highlighting the critical
importance of timely information processing. Deploying cost-efficient IoT devices in remote,
disaster-prone areas can facilitate early detection and response. However, maintaining a
permanent communication infrastructure in such locations is economically infeasible due to
their sporadic usage patterns. UAVs have emerged as a viable solution to this problem by
offering flexible, on-demand wireless coverage and computational support [3,4]. Their ability

to dynamically traverse large areas makes them well suited for supporting IoT deployments
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in challenging environments.

Recent advances in FL have further enabled collaborative model training across decen-
tralized heterogeneous IoT devices while preserving data privacy [5]. However, the data
generated by these heterogeneous IoT devices is considerable and sensitive, which makes it
challenging to transmit to edge servers [63]. In traditional collaborative models (including
FL), the data is processed locally, and results are sent to the edge server. Since IoT devices
have varying computational capabilities, some devices may process their data more slowly
than others, creating a delay for all devices in that iteration, thus giving rise to an effect
called Straggler’s effect [96]. Straggler’s effect occurs when a subset of IoT devices processes
their local data much slower than the rest of IoT devices in an iteration, therefore introducing
a delay for all the IoT devices within that iteration.

Authors of [11] proposed HFL to address the straggling issue of IoT devices by intro-
ducing a multi-layered structure, where learning tasks were distributed across different tiers
of devices and servers. Hierarchy reduces the communication and computation burden on
each IoT device, enhancing scalability and resilience across the entire network, especially
when MEC is utilized. In case of HFL, higher layers are usually composed of UAVs with
MEC computing capabilities. These UAVs with MEC capabilities can be used for offloading
datasets (entirely or partially) in the FL environment and computing model parameters on
those datasets using spare capacity on their end to further reduce system delay. In the case
of UAV-MEC servers, data offloading becomes more critical as the UAV-MECs have limited
processing capacity and power.

If the dataset records are generated at irregular intervals, they must be incorporated
into FL training in a structured manner. Therefore, queuing becomes a natural choice. The
integration of queuing within FL frameworks addresses the challenge of efficiently manag-
ing these datasets in the form of batches where devices show heterogeneous computational
capacities and network conditions. Queuing models allow for the optimization of dataset

batches, scheduling and resource allocation by considering the varying capabilities of devices
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and the stochastic nature of task arrivals [73,74].

The combination of these approaches, i.e., HFL and queuing, offers a robust solution for
overcoming the challenges posed by the decentralized and dynamic nature of future wireless
networks for FL. By ensuring efficient resource management, reducing communication la-
tency, and enhancing the scalability of learning processes, these techniques are essential for
realizing the full potential of FL in UAV-aided wireless networks. In this chapter, we explore
the integration of these methodologies to optimize FL performance in UAV-aided wireless
networks, with a focus on addressing the challenges of resource allocation, delay mitigation,
and system scalability.

Building on the UAFL framework developed in Chapter 3, this chapter advances the
design towards a queue-based hierarchical FL architecture tailored for UAV-assisted IoT
networks. We explicitly model data arrivals and service processes via multiple queues at [oT
devices, follower UAVs, and leader UAVs, and we leverage this structure to design resource al-
location and offloading policies that minimize long-term system delay while respecting power
and QoS constraints. By integrating hierarchical aggregation with queue-based control, the
proposed framework aims to mitigate the straggler effect more systematically, ensure queue
stability under stochastic arrivals, and enhance the scalability of distributed learning in

mission-critical UAV-aided environments.

4.2 System Model and Problem Formulation

We consider a hierarchical wireless FL network comprising three tiers: IoT devices, follower
UAVs, and a leader UAV, as Fig. 5.1 illustrates. The tier-1 consists of K IoT devices with
limited computational resources, each generating data in real-time. The tier-II comprises
M-1 UAV equipped with MEC capabilities. The tier-III contains a single leader UAV-MEC
server responsible for aggregating model parameters and performing centralized coordination

along with its MEC capabilities. Each IoT device in tier-I is connected to a follower UAV-
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Figure 4.1: System model for UAV-aided FL platform.

MEC in tier-II, and all tier-Il UAV-MEC servers are, in turn, connected to the primary
UAV-MEC server in tier-III. During the ¢-th iteration, the generated dataset batches are to
be processed at the k-th IoT device such that E{Ax(t)} = Ay, where \; denotes the average
data batch arrival rate. We assume that the arrivals are independent across both iterations
and IoT devices (i.e, independent and identically distributed). The k-th IoT device stores

dataset batches that are fully received within a window of size W.

Queuing model for IoT device

Each IoT device ke 1,2, 3, ..., K possesses a local dataset C, consisting of input-output pairs
(x),1,), where z, represents the input features and y, the corresponding output labels. This
dataset is divided into batches of size B. Each IoT device maintains four distinct types of
queues to manage incoming stochastic data batches: i) Incoming queue (A, (t)): Tem-
porarily hold batches expected to arrive in future iterations, indexed by lookahead window
w € 0,1,..., W, —1; ii) Arrival queue (Ag_1(t)): Holds batches arriving at the current
iteration; iii) Local Processing Queue (Qg’l) (t)): Stores batches selected for on-device
processing; and iv) Offloading Queue (Q,(f’o)(t)): Contains batches designated for of-

floading to a follower UAV. Figure 5.1 provides a comprehensive overview of the queueing
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architecture utilized in our framework.

Incoming Queues and Arrival Queues in IoT devices

During each iteration t, the k-th IoT device may forward not only the data batches arriving
at the current iteration (held in the arrival queue) but also batches from the incoming
queues received completely. Let py,,(t) denote the number of data batches forwarded from
the incoming queue Ay, (t) to the arrival queue, where w € {—1,0,...,W; — 1}. These
forwarded batches are subsequently distributed between the local processing queue and the
offloading queue. We denote the number of data batches forwarded to the local processing

(1,0)

queue and the offloading queue as b,(f’l) (t) and b, (t), respectively.

0B 7(0) < bl VB € (L0}, (4.1)
where bk max 18 & positive constant. As a result, we have:

Z i (8) = B0 (1) + b7 (8). (4.2)

w=—1

Next, we define the queuing dynamics for the various queues maintained at the IoT
device. The queue Ay, (t) is updated at the end of each iteration, specifically when the first
phase of the FL process concludes and the lookahead window advances by one iteration.

The update rule is given as follows:

Ak (we—1)(t + 1) = At + Wy). (4.3)

If0<w<Wy,—2, then

Ak7w<t + 1) = [Ak,w—i-l(t) - Mk,w+1(t)]+7 (44>

where [z]" = max{z,0} for z € R. In iteration (¢ + 1), the amount of data batches that will
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arrive after (W — 1) iterations is Ax(t + W}) and it remains unknown until iteration (¢ +1).
Regarding the arrival queue Ay _1(t), it records the actual backlog of IoT device k with

the update equation as follows:
Ap(t+1) = [Ap 1 (t) — pe—1 ()] + [Aro(t) — pro(t)] ™ (4.5)

Note that gy —1(t) represents the number of data batches distributed from the arrival
queue Ay _1(t) during iteration ¢. We now define an integrated queue at the IoT device £,

which captures the total backlog from both the arrival queue and all incoming queues. This

Wi —1
w=-—1

integrated queue is denoted by fo’a) t) =>. Apw(t). Under a fully efficient service

policy, the update rule for Q,(f’a) (t) is given by:
+
U+ 1) = [0 — (W00 + o 0)] T At + W), (4.6)

The input to the integrated queue Q,(CI’O‘) (t) consists of data batches that were expected
to arrive at IoT device k in iteration (¢ + Wj) but have fully arrived during the current
iteration t. The output of this queue comprises the data batches forwarded to the local
processing queue and the offloading queue. The total number of data batches forwarded
from the integrated queue in iteration ¢ is given by b,(f’l)(t) + b,(f’o) (t), representing its service
capacity. However, if this capacity exceeds the current backlog size of Ql(f’a) (t), the actual
number of forwarded batches will be limited by the available backlog, and thus the effective

output will be smaller than b (¢) + b (¢).

Offloading queues in 10T devices

At iteration t, the data batches in the offloading queue Q,(CI’O) (t) are transmitted to a follower
UAV selected from the set M. The transmission capacity depends on the transmit power
decision p{"”(t), where p{"”(t) denotes the transmit power from the IoT device k to the

follower UAV m € M. It is assumed that each IoT device is connected to exactly one
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follower UAV. The transmit power is non-negative and is constrained by an upper bound.
Specifically,

1,0 10
0 < py () < i)

— Mk max?’

VkeK,tell o (4.7)

By modifying Shannon’s capacity formula, the transmission capacity from IoT device k

to follower UAV m, expressed in terms of the number of batches, is given as:

Tow 10g2 <1 + p;f’o) (t)Gk/N()W)

Rim(t) = 5 , (4.8)

where 7y denotes the average duration of each iteration W is the channel bandwidth, B
represents the batch size (in bits) and Gy represents the channel gain for the k-th IoT
device. The channel gain G}, is computed as Gj, = 10-%+/10 where ¢}, denotes the path loss
experienced by the k-th IoT device, as described in [86].

We adopt the air-to-ground channel model utilized in [87] following the 3GPP TR 36.777
specification [93]. Under this model, the path loss between the UAV-MEC and the k-th [oT

device is given by:

"lLoS — TINLoS
1+ aexp[—b(£2o, — a)] + 20 log10(4wgdk) + NN Los

O = (4.9)

where a and b represent the ratio of unit land to buildings and the average number of buildings
per unit area, respectively, while 1,5 and 7n1.s denote the excess path loss associated with
line-of-sight and non-line-of-sight communication. These parameters are selected based on
the characteristics of the communication environment [93]. ¢ = sin~*(z;/dy) is the angle of
IoT device k£ to UAV-MEC. d,, is the distance from k-th IoT device to UAV-MEC and z
denotes the height of UAV-MEC from ground.

(1,0)

By adjusting the transmit power p, ™ (t), we can offload different amounts of data batches

from IoT device k to follower UAV m in iteration ¢t. Accordingly, the update equation of
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offloading queue Q,(f’o) (t) is
+
Q7 (t+1) < | Q) = Rem®)] + 57 (0). (4.10)

The inequality in the queue update reflects that the actual number of data batches
arriving at the offloading queue Q,(f’o) (t) may be less than b,(f’o) (t). This is because b,(f’o) (1)
represents the number of data batches forwarded from the integrated queue le’a) (t) to the
offloading queue, not necessarily the number of batches successfully transmitted over the

wireless channel.

Queuing Model for UAVs

It is essential to note that each dataset batch is treated as the fundamental unit of processing;
that is, it must either be processed entirely at the [oT device or fully offloaded to the UAV-
MEC server. Follower UAV-MEC servers receive and manage offloaded dataset batches
from their associated IoT devices. Each follower UAV-MEC processes a portion of these
dataset batches through its local processing queue (based on their computation capability)
and offloads the remaining batches to a tier-III UAV-MEC for further processing.
Each follower UAV (m € M — 1) maintains three types of queues: i) Arrival queue
(e (t); ii) Local processing queue QN (t); and iii) Offloading queue Qi) (t). Simi-
lar to the IoT devices, at follower UAVs, data batches offloaded from the IoT device are first
stored in the arrival queue Q,(f{ ) (), and then distributed to Q,(f{ ’l)(t) for local processing
or to QW (t) for further offloading. The leader UAV in tier-III follows the same queuing

structure as the follower UAVs from tier-II, except that it does not maintain an offloading

queue. Technically, this is modeled by setting bJ[\]f = 0.
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Arrival Queues in UAVs

The arrivals at the m-th follower UAV consist of data batches offloaded from the subset of
[oT devices (K, € K) that are connected to m-th UAV. These batches are first stored in
the arrival queue and subsequently distributed to the local processing and offloading queues.
We denote the number of data batches forwarded to the local processing queue and the
offloading queue in iteration ¢ as bl (t) and p{U) (t), respectively, such that

0 <Pty <olUh  v3e{l o}, me M, (4.11)

— Ym,max’

where each bgi IQX is a positive constant. Accordingly, arrival queue Qgg ) (t) is updated as

follows:

QU (t+1) < [QU () — (B0 (1) + 0T )] + 3 Rim(t). (4.12)

where K, represents all the IoT devices that are connected to m-th UAV-MEC and Ry, (¢)

is the transmission rate between the k-th IoT device and the m-th follower UAV.

Offloading queues in UAVs

For each follower UAV m € M, the offloading queue anU ) (t) stores the data batches in-
tended for offloading to the leader UAV in tier-III. Transmission capacity between the fol-
lower UAV and the leader UAV can be defined as:

oW log, (1 + i) (t)Gm/N0W>

D, (t) = B : (4.13)

where G, represents air-to-air channel gain calculated using works from [97], and pfg )

represent the offloading power of UAV-mec. This D,,(t) capacity depends on the current
network state and is assumed to be upper bounded by a constant Dy, i-e., Dy (t) < Diax

for all m and ¢. Accordingly, the update equation for the offloading queue anU ) (t) is given
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QW+ 1) < [QW(1) = D)) + 877, (4.14)

Note that the actual number of data batches offloaded from follower UAV m to the leader

UAV is given by min{Qg{ ) (t), D (t)}. In the case of the tier-IIT leader UAV, no offloading

occurs, and it maintains only a local processing queue.

Local processing queues on IoT devices and UAVs

We assume that all IoT devices and UAVs can dynamically adjust their CPU frequencies in
each iteration by employing dynamic voltage and frequency scaling (DVFS) techniques [98].
The computational capacity (i.e., CPU frequency) of the k-th IoT device can be calculated

as:

(4.15)

)

where ] denotes the capacitance coefficient, and p,(f’l represents the processing power allo-

cated to the k-th 1oT device. Note that s; is a non-negative and finite constant, i.e.,
0 < 51 < SkmaxVk € K, (4.16)

The local processing queue on 10T device k evolves as follows:

71+t
QM (t+1) < {@Ef’”(t) - ;%‘jg] + 5. (4.17)
k

where L denotes the number of CPU cycles required to process 1 bit of data [99].

The computation capacity(CPU frequency) of m-th UAV-MEC can be written as:

sU =/ Pm (4.18)
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where vV denotes the capacitance coefficient, and pU! represents the power allocated for
processing at the m-th UAV. The local processing queue for the m-th UAV (both follower

and leader) can be expressed as:

U
T0%m | (), (4.19)

(LDt 4+ 1) < (L) () —
QU+ < Q0 - 5| il

where pU! is non-negative, finite and upper bounded by a constant P,%U;QHX ie.,

)

0<plt < PO vk e M. (4.20)

m,max

Federated Learning

The FL process consists of three key stages. The first stage involves communication opera-
tions related to the current FL iteration. During this phase, data batches from the offloading
queues of the tier-I IoTs devices are transmitted to their corresponding tier-II UAV-MEC
servers. Simultaneously, tier-II UAV-MEC servers offload data from their offloading queues
to the tier-IIT UAV-MEC server. Once the communication phase concludes, the process pro-
ceeds to the second stage, where local FL training occurs. In this stage, tier-I IoT devices
train on their respective datasets gathered from their local processing queues, while tier-II
and tier-1IT1 UAV-MEC servers train on data from their local queues. In the third stage, once
local training is complete, the resulting model weights from both the tier-I IoTs devices and
the tier-IT and tier-III UAV-MEC servers are sent to the aggregation server. The UAV-MEC
server in tier-IIT acts both as a computation server (to train on offloaded data) and an ag-
gregation server. It combines the received model weights into a single global model. The
updated global model is then broadcast back to the participating tier-I IoTs devices, thereby
initiating the next global iteration.

For simplicity, the communication and model transmission delay between UAV-MEC

servers is assumed to be a fixed component of the total aggregation and broadcasting delay.
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In each global iteration (¢) of the FL process, the k-th IoT device performs multiple local
epochs. During each local epoch, the device iteratively processes dataset batches from its
local processing queue to minimize the training loss. The loss function for the CNN model

at the k-th IoT device can be defined as:

1
Fy(wp) = | > FQwi), (4.21)
B Deplh?

where w! denotes the model parameters at the k-th IoT device, f(2,w}) represents the loss
function evaluated on the :-th data record using w} weights, and |b,(f’l)| denotes the total
number of data samples across all batches in the local processing queue at the k-th IoT
device.

Offloading delay is defined as the ratio between the amount of data to be offloaded and
the achievable transmission bandwidth. The offloading delay for the k-th [oT device to m-th

can be expressed as:

(ro) _ b
DU — k. 4.22
k Rk,m ( )
We can define the average offloading delay as:
1 0
Do) — = E DIE:I’ )7 (4.23)
keK

Each ToT device runs stochastic gradient descent [19], and the total computation Jj, at the

k-th IoT device can be calculated as [88]:
Jr = Yo'BLE, (4.24)

where T denotes epochs per round, b£7l denotes batches for local processing per epoch for
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k-th 10T device. Computation delay at k-th IoT device can be written as:

~1"BLL

DY ; (4.25)
k
The loss function at the m-th UAV-MEC is defined as:
1
Fll) = s D Seh, (4.26)

IbSY

bt

where w! represents the model parameters of the m-th UAV-MEC after processing the
dataset batches from its local processing queue. The term \b%’l)| signifies the size of the
dataset transferred from the integration queue to the local processing queue of the m-th
UAV. This b{/"" dataset consists of a subset of the offloaded batches received from the
connected IoT devices, and were stored in the integration queue at the m-th UAV-MEC.

We can redefine the data aggregation process as follows:

1
W= (Z |b,(f’l)|.w,£ + Z |bff{’”|.w%> , (4.27)

keK meM

where w denotes the global aggregated model parameters sent back from the primary UAV-
MEC aggregation server to the IoTs device. The term R = (ZkGK 6] 4 Y mem |b1(7[1]’l)|)
represents the total number of dataset samples from the offloaded datasets that have been

locally processed by the m-th UAV-MEC. The computation delay of m-th UAV-MEC can be

written as:
1o\ B, LY
D = 22, (4.28)
System processing delay can be defined as:
) K P o)
= m{z PR Z D7} + N Dy, (4.29)
keK meM

where D, is the aggregation and broadcasting delay, N is the number of iterations required
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to converge the model to a specific accuracy and can be written as [89]:

N = [(1+%)Q+%] % (4.30)

where p and k are FL parameters that capture the effects of system configuration and
data distribution, respectively, and € represents the target training loss to be achieved. To
determine these parameters, we adopt the approach proposed in [47]. Specifically, we perform
curve fitting on historical FL training data to model the relationship between the number of
training rounds and data characteristics, thereby estimating the values of o and «.

It is important to emphasize that, unlike our previous work [99], this chapter focuses on
minimizing the average delay rather than the maximum delay. This distinction arises from
the nature of our proposed framework, which jointly optimizes queue backlogs and overall
system delay. Specifically, we employ the Lyapunov drift as the optimization objective,
where the drift represents the squared increase in queue backlogs. A larger backlog at any
device leads to a higher drift, prompting the algorithm to reduce that backlog and maintain
balance across all IoT devices. By ensuring relatively uniform queue lengths among the
participating IoT devices and UAV-MEC servers, our framework prevents individual nodes
from experiencing excessive queuing. Consequently, this approach mitigates straggler effects
and justifies the use of average delay as the optimization objective rather than the maximum
per-device delay. The primary objective is to minimize system delay while ensuring queue
stability and fulfilling QoS requirements.

The optimization problem can be written as:

. @ é (D(I,O) + D(LD)

min
bgl,ﬁ')’ pgfﬁ)7
A pUB)
v Be{i,o}

Subject to:

90



Cr:y p”+ > m < Pl

kEK keK
C2: Zp750)+zp(]l)< total
meM meM

C3:0<p? pih < pl

max’

Vk e K

ca:pL <p 4 < Pl Vke K
C5:PY < plbb plUo < pU vym e M (4.31)

C6: PY < pltb +p<U°> < PY ¥Yme M

min max

C7: Wlogs(1 +pk Gr) > X, Vk € K

C8:0 < bUA(t) <blh) . VB e{lo}
C9:0<b @) <o g e {l,0}
C10: ® < D0z,

where PL, , denotes the total power budget for IoT devices, P, , represents the total power
budget for UAVs, PL__represents maximum power limit for an IoT device, and PZL; denotes

minimum power limit for an IoT device. PY. and PY__ represent the minimum and max-
imum computation power budget for UAVs, respectively. C1 and C2 limit the total power
consumption of IoT devices and UAVs, respectively. C3 and C4 ensure that communication
and computation power are greater than zero. C5 and C6 limit the computation power for
each UAV. C7 is a QoS constraint and ensures the data rate achieved by each IoT exceeds
the minimum data rate. C8 and C9 ensure that work in the offloading and processing queue

is less than their maximum limits. C10 ensures that the total system delay © remains below

a predefined maximum (®,,,,), enabling efficient task execution.
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4.3 Proposed Solution

We employ a Lyapunov optimization framework to solve the problem in (5.16). Lyapunov
optimization is a widely used technique for dynamic control of stochastic systems, where
decisions are made to stabilize queues while optimizing performance metrics such as delay
or power consumption [100]. It transforms long-term time-averaged optimization problems
into a sequence of per-time-slot decisions based on the current system state. This approach
allows us to make real-time decisions that strike a balance between minimizing delay and
maintaining system stability, without requiring future knowledge of data arrivals or channel
conditions.

We transform the original problem (5.16) into a Lyapunov optimization framework and
then propose a sequential quadratic programming (SQP)-based algorithm to address the
resulting sub-problems. We define the long-term time-averaged expectations of system delay

and total queue backlog as follows:

T-1

D2 li;njogp% ; E{D}, (4.32)
Q = lim Supl Tz_:l Z (ZE{QJW(t)} + Z E{QL7(t)}). (4.33)
Too T t=0 ve{a,l,0} €K Z meM "

Our goal is to reduce the long-term time-averaged expected maximum system delay,
denoted by D, subject to the condition that all system queues remain stable, i.e., Q < oo.
Thus, the optimization problem in (5.16) can be reformulated as:

min D
o b%pk ) o

Subject to C1 - C12. (4.34)

Q < .

The Lyapunov function, which represents the system state through all queue backlogs,
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is defined as:

M2 S @)y S @) (1.3)

€K vea,l,o meM yeEa,l,o

We define the drift-plus-penalty expression A, L(Q(t)) as follows:
AvL(Q(1) = E[L(Q(t + 1)) — L(Q1))IQ(1)] + VE{P(1)|Q(t)}. (4.36)

The penalty function in the objective is defined as the total delay, given by P(t) =
D) (t) + DUA(t). Here, V is a positive trade-off parameter which controls how much focus
we want to give to delay and queue backlogs. The system delay is treated as a penalty
function. Following the standard Lyapunov drift expansion in [100, Sec. 3.2, Sec. 4.2],
the drift expression in (4.37) introduces a finite bound C > 0 because all arrival and ser-

vice terms in our queue updates are uniformly bounded. In particular, the arrivals {A;(t +

W), 0 (1), b5 (1), b0 (), 6599 (1) } and the service processes {Lo,]_’;, , Ri(t), LTIOSg”m s Rim(t), Di(t)}
all have finite per-slot maxima under the system constraints, which results in constant drift
term C analogous to the bound in [100]. According to equations (4.35), (4.6), (4.10), (4.12),

(4.14), and (4.17), there exists a positive constant C > 0 such that:

€K

(t

€K

LQ(t+1) - LQ() < C
+ 37 QU @) (At + ) — o (1) — 8 1))
) -
o ) _

bt

oy (1
+ZQ(IO (

)) (4.37)
+ ) QY1) (Z Rim(t) = b (1) —biff’”(t))

meM meM
U
T()Sm
- 3 @ (1w - )
meM mm
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+ Y QW) (B () — Din(1))

meM

To simplify the formulation, D,,(t) is defined as an upper bound on the data rate between
the follower UAV and the leader UAV. Given the high capacity of UAV-to-UAV communica-
tion links, this rate has a negligible influence on the remaining decision variables. In fact, the
achievable rate on these air-to-air links is a monotonically increasing function of the UAV
transmit power, while the corresponding offloading delay decreases monotonically. Since the
drift-plus-penalty objective penalizes delay more strongly than the relatively small power
term in the overall scheme, the optimal solution to this subproblem lies at the boundary of
the transmit-power constraint. Therefore, fixing the UAV offloading power at its maximum
allowable value does not alter the structure of the optimal solution. Instead, it removes a
degree of freedom that would otherwise converge to the same value. Moreover, under all
tested conditions, the follower—leader UAV link never becomes the bottleneck; the dominant
limiting factors remain the local processing capability of the IoT devices and the IoT-to-
UAV offloading rate. Hence, treating the UAV offloading power as a constant provides a
near-optimal solution while significantly reducing computational complexity, without affect-
ing the overall behavior of the proposed system. By substituting equation (4.37) into the
definition of the drift-plus-penalty in (4.36), and using the fact that E[A;(t + w;)] = \;, we

obtain:

AvL(Q(t)) < C + VE{P(t)|Q(t)}
F X @ 0E{x - 00+l |

ieEK
(1D (1D T0S
+ 3 MR ) - Tl |

(4.38)

+ QB 0) - Run(01Q) |+

1EK
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ZQU&

meM

+ Z Q(Ul

meM

©Y Qo

meM

B{ 3 fun(t) - 050 + 42 0)IQ00) |

meM

E{H0) - 7 jaw |

B0 - D 0IQ |

In the above equation, we substitute the transmission capacity (R;m,(t)) from (5.7) and

replace the penalty function P(t) with delay. Practically, the power-budget of UAV-MEC is

relatively large, and data to be offloaded bY:¢ is already optimized, The gain of performance

O

by optimizing p,

is very less. To reduce the complexity of the solution, we fix p:° to its

maximum value. We then rearrange the terms to obtain the following expression.

AvL(Q(t)) <C

+ QU ME{Ai(t + W)IQ(1)}

ieK

+) E

K

+) E

ieK

+ZE{V
ieK

3

meM

+ ) E

meM

+) E

meM

22

€K meM

() — QU <t>>b£f’”|cz<t>}

{0 -a o Ian]

nosh Y0y ”BLg QW
LB

B{ @ @55»00@))62“”1@@)}
{

)(t) — QU <t>>b£“">|cz<t>}

{ s ¥ Y en b BL]

Ve - ke |Q<t>} (4.39)

{vTowzogQQ + "G,/ NoW) /B

5B oL+ G NI
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meM

In (4.39), directly minimizing the expected drift-plus-penalty expression is computation-
ally intractable. To address this, we adopt the Lyapunov optimization framework [100] and
reformulate the problem into a deterministic per-slot subproblem. At each iteration ¢, the
stochastic expectations are substituted with the instantaneous queue backlogs and system
observations available at that time, resulting in a tractable deterministic problem that can
be solved in real time. This transformation enables efficient online decision-making while
ensuring that the time-averaged system performance asymptotically approaches the optimal

solution of the original stochastic formulation.

. (L) (I,a) (L)
o > (@0 - e )i

b0 Z(UB)”EK
v tli)
3 (0 - o
€K
rost  ToVBL]
+§<VL£B )

+y (@ Q) (t)) b (4.40)
meM

0 - QI o

(v TSttt
eM

+ 2
meM

+ 2 (Vi G
memM LmBm Sm

+) <V70Wl0g2(1 + "G,/ NoW) /B
€K

m

0O, [ (Wiogs(1 + p9 G/ NeW >>)

Subject to C1 - C12 and Q < oo.

The problem is divided into three subproblems. i) queue backlog scheduling: determines
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bI’l, b[,o, b L and b ’0, ii) local power allocation: O[)till izes p(]’l), p( ’l)7 and iii) offloadir ower
gp
allocation: determines p(I’O).

The first sub-problem of queue backlogs can be written as:

i (1) (I,a) (1)
b(fvﬁr)nll?U,ﬁ) Z (Ql (t) - QZ (t)) bl

v gefiop <N
+ Z (QELO) (t) . le,a) (t)) bg[,o)
113:¢
> ((Qﬁf’”(t) - Q&?’“)(t)))bEU’“ (4.41)
meM
Z { Q(UO Qg’a) (t)) bEU,o)
meM

Subject to C8 - C10 and Q < oo.

To address the first convex sub-problem, we utilize the queue backlogs present at each

[oT device and UAV. When the backlog of the integration queue b forall B € KU (M-1),

exceeds that of the offloading queue b-ﬂ ' the number of batches transferred to the offloading

queue is set to its maximum value, b2° Similarly, if the backlog of the integration queue

k,max"

surpasses that of the local processing queue bf ’l, the batches transferred to the local queue

are likewise set to their maximum value, bg fmx This relationship can be formally expressed
as:
b = bl QY < Q)
b — max - (4.42)

0 otherwise.

The second and third subproblems of local processing powers and offloading power for IoT
devices, primary UAV and secondary UAVs are convex and non-convex, respectively and can

be written as:

I (1,1 I
min Z(VL,gB i
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4 Z (V T0Sm ZkeK i k> (443)

I U
meM LmBm Sm

Subject to C1 - C6, C10.
and,

min Z Z (VWTol0g2(1 + "G,/ NoW) /B

I, ¢
Py Y LU} je K mem

— bEI’O)B/(WTOZOQQ(l + p,(-]’o)Gi/NOW»)

Subject to C1 - C7, C10. (4.44)

For the second and third sub-problems; i.e., power allocation for local processing pZ’l for all
v € KUM, and offloading p;*° for all v € (KU (M —1)). We utilize a SQP method to solve
each problem individually. At each iteration, the nonlinear objective and constraints are lo-
cally approximated by quadratic and linear models, respectively. This results in a quadratic
programming subproblem whose solution provides a search direction for the original non-
linear problem. The method then updates the solution using a line search or trust-region
step to ensure improvement and constraint satisfaction. Intuitively, SQP iteratively im-
proves the solution by narrowing in on the optimal point with increasingly accurate local
models, making it well-suited for the smooth but non-convex structure of our power alloca-
tion subproblems [101]. The pseudocode for tackling all three sub-problems is presented in

Algorithm 1.

4.4 Performance Evaluation

In this section, we present the analysis of the proposed scheme in terms of delay and queue

backlog. We compare the performance of the proposed approach with several other
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Algorithm 1 Proposed solution for FL each iteration.

LW W W W W W W NN DN DN DNDNDDNDNDNDNRFRRFR R R~ R R B B & =

w w

39:

40
41

Initialize
béz (1), bg;o(t), bg; gt) —0Vke K
b,}’o (t),b}cé (1),b."(t) < O VE e M
P (1), py (1) <~ 0VEk e K
PLO(1), (1) 0 Yk € M
Queue decisions
for each device k € K UM do
if k € K then
v I
else
vy U
end if

if Q7*(t) > Q)'(t) then
bt () = O

end if

if Q7°(t) > Q}°(t) then
b (1) 5]

end if

: end for

: SQP solvers for power allocation

: for each IoT device i € K do

Define the objective function:

Minimize p!"'(t), pP!(t) Vk € K, Ym € M

Subject to the constraints:

0<p <Pl vkeK

k max’

(1,0)

Pl <p” + " <Pl VkeK
Pn[{in S pgljJ) S Pn[{ax’vm € M
PY. < P i) < PY . Vm e M

Solve the local processing problem using SQP:
(), pY'(t) « SQP_Solver(Objective, Constraints)
Define the objective function:

Minimize p!°(t), p°(t) Vk € K, Ym € M

Subject to the constraints:

0<p? <Pl VkeK

Prin <pp " 400" < Pl Wk € K

PY, <pw?” < PY,..¥m e M

Pl <o + i < Pl Ym € M

Solve the offloading problem using SQP:

pre(t), p°(t) « SQP_Solver(Objective, Constraints)
: end for

. Enforce scheduling decision b(t), p(t)
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schemes in terms of delay, queue backlog, and system efficiency. These schemes include:

« Traditional FL [20], where no offloading is performed and all computation takes place
on the IoT devices. Each IoT device performs local FL iterations using its own dataset
and transmits the resulting model weights to the aggregation server i.e., the leader
UAV-MEC server via follower UAV-MECs. The server aggregates model parameters
from all IoT devices and returns a single global model. Each IoT device then updates

its local model accordingly before proceeding to the next global iteration.

+ Offload to primary UAV, which represents a centralized Edge-Al learning strategy

where all data is offloaded to the leader UAV for processing and training the FL. model.

e One level offloading: In this approach, only the follower UAVs are equipped with
MEC capabilities, while the leader UAV is not utilized for computation. Straggler loT
devices offload their data optimally to the follower UAVs, which processes the entire

dataset locally without forwarding any data to the leader UAV.

« Random, where offloading and local processing decisions are made randomly within

system constraints.

o UAFL, referring to our previous work [99], which does not incorporate queueing mech-

anisms.

For consistency and fairness in comparison, the baseline methods adopt the following
simplifications. The inter-UAV backhaul link is modeled as a fixed-capacity channel without
adaptive bandwidth or power allocation, and UAV trajectories are considered fixed through-
out the simulation period. These assumptions align with conventional UAV-MEC and FL
baselines and help isolate the performance gains introduced by the proposed hierarchical and

adaptive optimization framework.
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4.4.1 Simulations Setup

We consider a hierarchical FL network comprising K = 30 IoT devices, 3 follower UAVs
and 1 leader UAV (N = 4). UAV positions are assumed to remain static during the entire
training process, and no mobility or trajectory optimization is performed. We consider the
channel bandwidth to be 20 MHz. Power budget for each follower UAV-MECs and leader
UAV is PUTtal js 10 Watts. At each device, the total power is partitioned into computation

° and pY°, for

power, denoted by p! and pY!, and communication power, denoted by p
[oT devices and UAVs, respectively. We consider the communication overhead between IoT
devices and UAVs for FL iteration, broadcasting weights back to each IoT device to be
constant. This overhead can be considered constant as we communicate with a fixed number

of IoT devices and UAV-MECs and almost a fixed communication load for each IoT device

and UAV-MEC. We consider a minimum and maximum power limit for both computations

and communications for each IoT device. The minimum power for an IoT device is P, =0.01
W, and the maximum power is P! = 0.5 W for both communication and computations [97].

For UAV, the lower limit for computation power is PY; = 5W, and the upper limit is PY =
10 W. We consider the MNIST dataset of size 400 Mb in our simulations [94]. When the
cumulative arrivals exceed the size of the original MNIST dataset, we generate additional
data samples using standard augmentation techniques (geometric transformations [102],
CutMix [103], and CutOut [104]). We consider the capacitance coefficient for UAV (vY) and
IoT (v]) to be 1e71? [95]. We fixed an iteration of 200ms for parameter aggregation and
model broadcast. We consider a to be 1 and [ as 40. We set the target training accuracy
to be 98%. The results are aggregated over 10°> Monte-Carlo simulations and include a 95%
confidence interval. For the neural network structure utilized by FL, we consider a CNN with
two convolutions and a linear output layer with flattening in between. Detailed simulation
parameters are shown in Table 5.1.

All simulations were implemented in Python. The traditional optimization components

were solved using the Gurobi optimizer, whereas the FL framework was implemented in
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Table 4.1: Simulation parameters.

Description Parameter Value

[oT devices K 30

Follower UAV-MEC servers M—-1 3

Leader UAV-MEC servers 1

Channel bandwidth B 20 MHz

Power budget for UAV-MECs PY 10 W

Power budget for IoT devices PL 10 W

Minimum power for IoT device PL 0.01 W

Maximum power for IoT device PL . 0.5 W

Minimum computation power for UAV- | PY. 5W

MEC server

Maximum computation power for UAV- | PY__ 10 W

MEC server

Capacitance coefficient for UAV-MEC | & le 19

Capacitance coefficient for IoT v le %

Dataset utilized for FL MNIST 400Mb

FL parameter o' 1

FL parameter 6] 40

FL training accuracy 98%

FL model CNN 2 convolution layers and 1
linear layer

Transmission and broadcast delay Dy, 200ms

Minimum data rate Xinin 1Mb/s

Iteration time co-efficient To 4

Batch size B 627,600 bits

samples per mini-batch (FL) - (32)

Noise No 3.98 x 107 W/Hz

Carrier frequency fe 2.4 GHz

LoS PL exponent OLoS 2.1dB

NLoS PL exponent QNLoS 3.5 dB
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Table 4.2: Implementation details.

Parameter Value Specification

Language Python 3.11.0

Traditional Optimization Gurobi 11.0.2

Federated Learning PyTorch 2.1.0

Compute Engine Google Cloud | current
Compute

Number of vCPU Cores 8 N1

Memory 32 Gb RAM

Permanent Storage 500Gb SSD

Graphics Processing Unit 16Gb Nvidia Tesla T4

Table 4.3: Optimization algorithms computational complexity.

Method Per-round decision complexity
Traditional FL o(1)

Random scheduling O(1)

One-level offloading (Hungarian algo- | O(K?)

rithm)

UAFL O(M?)

Proposed Approach O(2M + M3) =~ O(M?)

PyTorch. The experiments were executed on the Google cloud platform (GCP) Compute
Engine to ensure consistent computational performance. The second and third deterministic
per-slot subproblems were solved using the sequential least squares quadratic programming
(SLSQP) algorithm. SLSQP employs a quasi-Newton BFGS-type approximation of the La-
grangian Hessian, a merit-function-based backtracking line search for globalization, and an
internal feasibility restoration phase for constraint handling. Finite-difference approxima-
tions were used with a step size of 107® and convergence error margin was 1075, This
configuration provides a balance between computational efficiency and numerical stability,
ensuring reliable convergence of the per-slot optimization. The details of the simulation en-
vironment are summarized in Table 4.2, and the computational complexities of the baseline

algorithms used for comparison are presented in Table 4.3.
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Figure 4.2: Impact of arrival rates on system performance for K = 30 loT devices and M = 4
UAVs (3 followers and 1 leader UAVs): (a) incoming data in queue and (b) delay.

4.4.2 Simulation Results

Fig. 4.2 illustrates how varying arrival rates affect both delay and the distribution of data
across different queues within the proposed system. Fig. 4.2(a) demonstrates the delays
encountered in processing data within various queues. The "local processing queue (IoT)”
delay represents the average time required to process data locally at the IoT devices during
each FL iteration. The “offloading queue (IoT)” refers to the average delay incurred when
data is offloaded from IoT devices to their connected follower UAVs. Similarly, the “local
processing queue (fUAV)” denotes the average delay associated with processing data at the
follower UAVs that the IoT devices have offloaded, whereas the “Offloading delay (fUAV)”
captures the time taken further to offload data from follower UAVs to the leader UAV. The
“local processing queue (pUAV)” signifies the delay associated with processing data at the
leader UAV’s local queue. Among all the queues, the most significant delay is observed in
the local processing queue at the [oT devices. This is primarily because processing data
locally is often the most cost-effective strategy under optimal conditions. However, as the
arrival rate increases, more data moves from the integration queue to the local processing
queue, resulting in increased delays. At the same time, the rise in the offloading queue

contributes to further delays as more data is sent to the UAVs. As the offloaded traffic
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increases, follower UAVs experience heavier loads in their integration queues, from which
data is then distributed to their respective local processing and offloading queues. This
leads to increased processing and offloading delays at the UAVs. When the load surpasses
the follower UAVS’ capacity, data is further offloaded to the leader UAV’s integration queue,
which subsequently forwards it to its local processing queue. The results indicate that the
local processing queue at the IoT devices becomes saturated when the arrival rate exceeds
1 x 10° bytes, while the offloading queue saturates around 1.6 x 10° bytes.

Fig. 4.2(b) depicts how data is distributed across different queues as the arrival rate
increases. As the incoming rate rises, the size of the IoT integration queue also grows,
serving as the initial buffer for environmental data batches. In each iteration, the data is
forwarded from the integration queue to the local processing and offloading queues using
the optimal decision variables generated by our algorithm. This results in a steady increase
in the size of the local processing queue as long as it remains advantageous to process data
locally. Once local processing becomes suboptimal, the growth of the local queue levels off,
while the offloading queue continues to expand, resulting in more data being transmitted to
the connected follower UAVs. As the follower UAVs receive additional data, their integration
queue sizes also increase accordingly. Based on the optimal decisions made by the proposed
algorithm, this data is further distributed between the UAVs’ local processing and offloading
queues. When the follower UAVs can no longer efficiently handle the additional processing,
offloading to the leader UAV increases. However, due to the relatively lower volume of data
arriving at the leader UAV compared to its processing capacity, the sizes of its integration
and local processing queues remain minimal.

A key insight from Fig. 4.2 is that saturation at the [oT level occurs earlier because loT
devices have significantly lower computational capability and energy budgets than to UAV-
MEC nodes. Therefore, even moderate increases in the input arrival rate immediately result
in queue buildup at the IoT devices, indicating that the local processing path becomes

the bottleneck under high-load. The relatively smoother increase in follower UAV delays
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Figure 4.3: Impact of the number of training iterations on system performance under a fixed
iteration time constraint for K = 30 IoT devices and M = 4 UAVs (3 followers and 1 leader
UAVs): (a) backlog and (b) delay.
highlights that UAV-MEC nodes can temporarily absorb the excess load due to their higher
compute capacity; however, once their local queue begins to fill, a cascading effect occurs
where delays rise simultaneously across local and offloading queues. This queue coupling
effect physically reflects the hierarchical nature of the HFL architecture, where congestion
at lower tiers propagates upward as the system tries to maintain feasible processing rates.

Fig. 4.3 illustrates the system’s behavior under constrained conditions, where the data
arrival rate exceeds the total processing capacity, and a strict four-second limit is imposed per
FL iteration. Fig. 4.3(a) shows the evolution of queue backlogs across different components
as the training iterations progress. The results indicate a steady increase in backlog due to
the growing volume of data processed within the system. The most significant backlog is
observed in the local processing queues of the IoT devices and the follower UAVs, except
the IoT integration queue. This is because local processing is the quickest available method,
and the system prioritizes sending data to these queues. Consequently, the local processing
queues become saturated and stabilize after approximately 25 iterations, once the processing
time cap is reached. Following this point, there is also a noticeable increase in the backlog

at the leader UAV’s local processing queue, as it begins to handle more offloaded data.
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The offloading queues at the IoT devices and follower UAVs also exhibit a growing backlog,
although it remains significantly lower than that of the local processing queues. This is
because offloading takes longer than local processing, leading the system to allocate more
data to local processing whenever possible. However, once the local and offloading queues
at the IoT devices reach their capacity under the fixed delay constraint, any additional
incoming data accumulates in the integration queue, which shows a sharp increase in backlog.
In contrast, the integration and offloading queues at the follower and leader UAVs do not
exhibit the same rapid growth, as only a limited amount of data can be offloaded from the
[oT devices before the delay cap is reached, thereby preventing further buildup in those
queues.

Fig. 4.3(b) presents the corresponding delays for each queue type throughout the FL
iterations. Initially, the primary contributors to system delay are the local processing queues
at the IoT devices and follower UAVs. This reflects the system’s preference for swift, local
computation in the early stages. As training progresses, the delays in these queues stabilize
after approximately the 25th iteration, aligning with the saturation pattern observed in the
backlog plots. The delay at the leader UAV’s local processing queue also increases during
this period. However, it does not reach the same magnitude, as the offloading queues at the
follower UAVs reach their limits before the processing capacity of the leader UAV is fully
utilized.

An important physical insight from Fig. 4.3 is that the fixed per-iteration delay constraint
changes the system’s optimal behavior compared to the in-capacity case (Fig. 4.2). Under
this constraint, the scheduler prioritizes any computation that can be completed within the
four-second deadline, forcing more data into local processing queues and leaving less time
for communication-dependent offloading. This shifts the system from an offloading-assisted
configuration to a locally dominated setting, which explains why local queues saturate first
and remain the primary bottleneck. The sharp growth of the IoT integration queue indicates

that once both local processing and offloading paths hit the time constraint, the system
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Figure 4.4: System performance under queue size constraints as a function of training itera-
tions for K = 30 IoT devices and M = 4 UAVs (3 followers and 1 leader UAVs): (a) backlog
and (b) delay.

effectively loses the ability to process incoming data. This behavior exposes an inherent
limitation of deadline-restricted FL systems, i.e., when the arrival rate exceeds the “deadline-
constrained service rate,” backlogs will accumulate even if computational resources in higher
tiers remain underutilized. The follower and leader UAVs also highlight that high-tier nodes
do not naturally become overloaded under a strict delay cap. Because transferring data from
lower tiers consumes communication time, the UAVs are unable to receive enough data within
the time window to fill their queues, even though they have available processing capacity.
Thus, the bottleneck shifts downward in the hierarchy, demonstrating that communication
delays, rather than compute shortages, dominate system performance in deadline-constrained
scenarios.

Fig. 4.4 illustrates the system behavior under queue size limitations. It illustrates how
the system responds when the arrival rate exceeds the total processing capacity, resulting in
queues filling up. Fig. 4.4(a) depicts the evolution of queue backlogs over time. Initially, [oT
devices experience a significant increase in backlog due to high data arrivals. However, due
to the imposed queue size limits and the proposed optimization strategy, the backlog levels

stabilize by approximately the 11-th iteration. At the same time, the integration queue at
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the follower UAVs shows a gradual increase, reflecting a continuous inflow of data and active
allocation between local processing and offloading queues. This indicates a well-balanced
distribution of workload within the UAV-MEC system. The leader UAV’s integration queue
remains largely underutilized, while its local processing queue shows limited activity. This
suggests that the amount of data offloaded to the leader UAV remains well within its process-
ing capabilities. Although the trends in queue backlogs may appear irregular, they reflect
the adaptive behavior of the proposed optimization algorithm, which dynamically responds
to varying arrival rates and system conditions. This result demonstrates the proposed frame-
work’s ability to manage queue sizes efficiently, dynamically allocating tasks between local
processing and offloading in real-time to ensure system stability and performance.

Fig. 4.4(b) presents the corresponding delay metrics associated with each queue type. In
the early iterations, system delay is primarily linked to the local processing and offloading
queues of the IoT devices, which initially handle the majority of the workload. As these
queues stabilize, the focus of the delay gradually shifts to the follower UAVs, where both the
local processing and offloading queues start to accumulate delay. Due to the finite processing
capacity of these UAVs, the offloading queue at the follower UAVs ultimately becomes the
predominant source of delay. In contrast, the leader UAV’s local processing queue has
minimal impact on the overall delay because its workload is relatively low compared to its
processing capacity, allowing it to manage incoming data efficiently with negligible queuing
delay.

Fig. 4.5 presents a comparative analysis of four FL strategies, focusing on the total
queue backlog and system delay across training iterations. Fig. 4.5(a) shows the total queue
backlog experienced during FL training for each strategy. The results demonstrate that
the proposed approach achieves the lowest overall backlog, highlighting its effectiveness in
efficiently managing computational and communication resources across the system. Specif-
ically, it reduces the backlog by approximately 15% compared to the next best approach.

2

In contrast, the "offload to primary UAV” strategy results in the highest backlog. This is
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Figure 4.5: Impact of different approaches over training iterations on system performance
for K = 30 IoT devices and M = 4 UAVs (3 followers and 1 leader UAVs): (a) total backlog

and (b) maximum system delay.

mainly due to all data being offloaded directly to the primary UAV, which causes excessive
communication delays and congestion in offloading queues, especially at the IoT devices and
follower UAVs. As a result, local processing resources remain underutilized, worsening the
backlog issue. Additionally, the end-to-end training process becomes significantly slower due
to the long-range transmission overheads. The "random allocation” strategy, which lacks
optimization, performs similarly to the "traditional FL” strategy, where IoT devices rely
entirely on local computation. Both approaches exhibit moderate backlog levels but fail to
capitalize on the hierarchical processing capabilities of the UAV network. The second-best
performance is observed with the "offload to follower UAVs only” strategy, which effectively
prevents overwhelming the leader UAV by limiting offloading to tier-II UAVs. However, our
proposed solution outperforms all baseline strategies by intelligently balancing the workload
across [oT devices, follower UAVs, and the primary UAV, resulting in significant reductions
in total queue backlog.

Fig. 4.5(b) illustrates the system delay under the same four FL strategies. Consistent
with the backlog trends, the proposed approach achieves the lowest overall delay through-

out the training process, reducing the delay by approximately 5% compared to the next
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Accuracy

The results indicate that local IoT accuracies fluctuate due to random batch arrivals and

skewed data distributions.
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Figure 4.6: FL accuracy for leader UAV, follower UAVs, and IoT devices.
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best approach. This can be attributed to its ability to evenly distribute data across the
available processing queues evenly, thereby avoiding bottlenecks and maintaining system
responsiveness. While queue backlogs remain relatively stable across iterations (as shown in
Fig. 4.5(a)), the per-iteration delay fluctuates due to the stochastic nature of data arrivals.
Despite these variations, the proposed method consistently maintains a lower delay profile.
As expected, the highest delay is associated with the offload to primary UAV” strategy due
to excessive transmission and queuing delays at the primary UAV. The "traditional FL”
approach demonstrates acceptable performance but lacks the coordination benefits of dis-
tributed processing. These results confirm that strategic offloading and efficient resource

utilization, achieved through our optimization framework, are crucial for minimizing both

These factors cause frequent fluctuations in local model accu-



racy. However, global model accuracy remains stable due to UAV-MEC aggregation. As
observed in the graph, the follower UAVs exhibits relatively stable accuracy compared to the
[oT devices. This is because each follower UAV receives offloaded data from multiple IoT
devices, resulting in a more inherently i.i.d. dataset than that of any individual IoT device.
Although the follower UAVs achieves more stable performance, its accuracy remains lower
than that of the global model. This is expected, as the global model aggregates updates
from all IoT devices, making its training data even more i.i.d. and diverse than that of
the follower UAVs. The purpose of integrating queue structures and hierarchical FL was
to ensure smoother training by minimizing fluctuations in iteration time caused by random
data arrivals. These results show that the proposed multi-layered architecture preserves

convergence while providing more consistent iteration durations.

4.5 Conclusion

This chapter presents a queueing-based hierarchical FL. framework designed to address the
straggler effect and minimize overall system delay. The proposed framework exploits a hi-
erarchical UAV-MEC architecture, wherein straggler IoT devices offload segments of their
local datasets to nearby follower or leader UAV-MEC servers with available computational
capacity. By employing multiple queues at each network entity for data integration, local
processing, and offloading, we model system dynamics with greater authenticity. We for-
mulated a system-wide delay minimization problem that considers communication power,
computational power at both IoT and UAV-MEC devices, offloading decisions, and QoS
constraints. This problem is addressed using Lyapunov optimization to ensure delay reduc-
tion while adhering to system constraints. Extensive simulations were conducted to assess
the performance of the proposed framework in comparison to traditional FL, UAFL [99],
total offloading strategies, one-level offloading, and random configurations. The results in-

dicate that the proposed framework significantly outperforms all baseline methods in terms
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of minimizing delay and maintaining queue stability. Our study concludes that the effective
utilization of the computational and communication capabilities of both UAV-MEC servers
and IoT devices can significantly enhance FL performance, particularly in terms of delay
and power efficiency. It is worth noting that this chapter does not consider UAV propulsion
energy, dynamic selection, or peer-to-peer communication between UAV-MEC servers dur-
ing the aggregation phase; this aspect will be explored in future work. Additionally, future
directions include extending the framework to support larger UAV swarms for broader area
coverage and integrating generative Al-based techniques to reduce system delay further and

enhance adaptability.
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Chapter 5

Delay-Optimized Hierarchical
UAV-MEC Federated Learning Using
Federated GANs for IoT Networks

5.1 Introduction

As FL scales toward increasingly complex and distributed IoT deployments, new challenges
emerge that are not fully addressed by conventional hierarchical or UAV-assisted solutions.
In particular, highly irregular data arrivals, severe Non-IID distributions, and limited com-
putational resources at UAV-MEC servers can significantly degrade both convergence speed
and model accuracy. These issues are further amplified in mission-critical environments,
where timely learning updates and reliable decision-making are essential. To overcome these
limitations, this chapter explores a GAN-augmented hierarchical UAV-assisted FL frame-
work that introduces queue-aware data handling and distributed synthetic data generation
at UAVs. This integration enables more efficient processing of uneven data arrivals, enhances
dataset diversity through federated GAN training, and improves overall learning accuracy

while maintaining low system delay. The following section presents the system model that
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Figure 5.1: System model for UAV-aided FL platform.

supports this framework, including the queue architecture, UAV roles, and collaborative

GAN-FL training workflow.

5.2 System Model and Problem Formulation

5.2.1 System Overview

We consider a wireless HFL environment consisting of K IoT devices and M UAV MEC
servers. All IoT devices operate in tier I, while tier II comprises M-1 follower UAV-MEC

servers, and tier III contains a single primary UAV-MEC server. Each IoT device in tier
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I communicates with a follower UAV-MEC in tier II, and all tier II UAV-MEC servers are
connected to the primary UAV-MEC server in tier III, as illustrated in Fig. 5.1. Each IoT
device continuously collects environmental data, which is stored in its incoming queue. This
queued data is processed locally or forwarded to an offloading queue, depending on current
network and computational conditions. UAVs, acting as MEC servers, have spare processing
and power resources that can assist IoT devices by handling a portion of their computational
workload through data offloading to tier II UAV-MECs.

During each FL iteration, IoT devices generate new data samples that enter their re-
spective incoming queues. The datasets at these IoT devices are assumed to be Non-IID,
meaning each device holds data related to a limited subset of global classes. To address
this imbalance and reduce local iteration time, IoT devices offload part of their data, op-
timized for minimizing delay, to UAV-MECs in tier II. Each UAV-MEC server aggregates
the offloaded datasets from multiple IoT devices to form a composite local dataset, which is
stored in its local database along with previously received data. Once data transfer for the
iteration is complete, both IoT devices and UAV-MEC servers perform local model train-
ing to generate model parameters. These parameters are then transmitted to the primary
UAV-MEC server in tier III, which serves as the global aggregator and computes the global
model weights. The updated weights are subsequently distributed back to all IoT devices
and UAV-MEC servers to initiate the next iteration.

After a predefined number of FL iterations (for example, 10 rounds), the system tem-
porarily pauses the conventional FL process and begins a hierarchical FL-GAN training
phase. In this phase, follower UAV-MEC servers in tier II use the accumulated data in their
incoming queues and local databases to train local Generator-Discriminator (G-D) pairs. Af-
ter several local iterations, each follower UAV-MEC forwards its generator network weights
to the leader UAV-MEC server in tier III. The leader UAV-MEC aggregates the received
generators using a weighted averaging approach to obtain a global generator. Based on

this global generator, the leader also trains its own discriminator to refine the generative
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model. Once the global discriminator converges, the leader UAV-MEC broadcasts the up-
dated global generator to all follower UAV-MECs for further training in subsequent global
GAN cycles.

Upon convergence of the federated GAN phase, each UAV-MEC server retains a well-
trained GAN model capable of generating synthetic samples that closely resemble the true
data distribution. These GAN-generated datasets are then used to augment the original
FL training data, particularly by generating underrepresented classes within the Non-I1ID
data distribution. This process enhances overall data diversity and model generalization in

subsequent hierarchical FL rounds.

5.2.2 Federated GAN Training

The GAN consists of two neural networks: a generator & and a discriminator ©. The gen-
erator & aims to approximate the underlying data distribution pgata, while the discriminator
® estimates the probability that a given sample originates from the real dataset rather
than being synthetically generated. The parameters of both models, denoted by W, and
W, for & and ©, are updated iteratively in an adversarial manner. Auxiliary class labels y
are provided to both networks to enable conditional generation and discrimination, thereby
enhancing the diversity and fidelity of generated samples.

Let  ~ pgata(x) denote a real sample drawn from the true data distribution, and z ~
p.(2) represent a latent variable sampled from a prior distribution (e.g., Gaussian). The

standard GAN objective is formulated as a two-player minimax game with the value function

V(9D,8):
i Mg DD, ©) = By 108 D(ely)] + Euvy oflog(l ~ DB (51)

To enable FL-based training of GANs, the training process is divided into local and global

phases. Instead of sharing raw data, each user transmits its locally trained generator and
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the corresponding learned data distribution. During the global aggregation phase, the FL-
GAN enables fine-grained data augmentation, effectively transforming non-independent and
identical data (IID) local data into more IID-like samples, thereby facilitating unbiased global
learning. Let pgaa(z) = {p1(x), ..., pn(x)} denote the set of non-1ID local data distributions

across U users. Each user U; trains an independent local GAN consisting of (&;,D;).

Local Objective

Given a local dataset X; drawn from p;(z), each user U; optimizes (&;,D;) by minimizing

the following local adversarial loss:
Lv, = minmax By, (Di, 8;) = Borp, () [L0g Di(2[y)] + Eanp. (o) [log(1 = Di(&i(2]y)))]. (5.2)

The value function Uy, (D;, ®;) consists of two sub-objectives: (1) the discriminator ®;
is trained to maximize Uy, by distinguishing real and generated samples, while (2) the

generator (G; minimizes Uy, to deceive D;.

Global Objective

Since each pair (D;,®;) is optimized using its local distribution p;(z), the corresponding
generators &7 may not fully capture the global data distribution. Hence, the global objective
Lq aims to train a unified federated GAN model (Dgq, Gq) that integrates knowledge across
all users:

Lo = min max Va( By, (D1,81),..., Dy, (D, 8,)). (5.3)

Gq Q
However, since the locally trained generators &; and discriminators 7 lack global con-
text, they may fail to generate samples consistent with the true data distribution pgasa(z).
To overcome this limitation, all local generators are aggregated to form a global generator

&g, enabling a more representative approximation of py(z) & pgata(z). Accordingly, the
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global loss is reformulated as:

,CQ = min max %Q(%Ul (@Q, QjQ) ,‘,UU” (DQ, ®Q)) (54)

Gn Do

This reformulation allows the aggregated model to learn a unified and unbiased represen-
tation of the global data distribution, thereby enhancing convergence stability and generation

quality across all participating users.

5.2.3 Federated Learning Mechanism

The FL process comprises three main stages: (i) communication among participating entities
to initiate and coordinate each FL iteration; (ii) local model training, performed indepen-
dently on both the IoT devices and the UAV-MEC servers; and (iii) global aggregation,
where model updates are consolidated to generate a refined global model. During each
iteration, IoT devices use their locally stored datasets, while the UAV-MEC servers pro-
cess the offloaded data received from multiple IoT devices stored in their local processing
queue. After completing local training, the resulting model weights from the IoT devices
and UAV-MEC servers are transmitted to the aggregation server (primary UAV-MEC). The
aggregation server then combines these weights to produce an updated global model, which
is subsequently broadcast back to all IoT devices and UAV-MEC servers to start the next
FL round.

Each global FL iteration consists of one or more local training epochs executed at the
k-th IoT device. Within each epoch, the k-th device performs multiple iterations over its
local dataset batches to minimize the training loss. The local loss function for the k-th IoT

device is defined as:

Fk( k (”)| Z fz (55)

6b(I 1)
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where w! denotes the model parameters at the k-th IoT device, f; represents the loss func-
tion for the i-th data sample, and ]b,(f’l)\ corresponds to the number of data records in all
batches processed locally by the k-th device. This formulation captures the local optimiza-
tion objective at each IoT device before the aggregation phase, forming the foundation of
the hierarchical FL process.

The offloading delay is determined by the ratio between the amount of data to be offloaded
and the achievable transmission rate over the wireless channel. For the k-th IoT device, the

offloading delay is defined as:

Blb(LO)
D = =hk (5.6)
R

where b,(f’o) corresponds to the number of batches selected for offloading from the k-th IoT
device to its serving UAV-MEC and R,(f’o) represents the data transmission rate between

the k-th IoT device and its associated UAV-MEC [99] and can be defined as:

T0C10g2( +pk ()Gk/NO )
B )

Ry°(t) = (5.7)

where 7y denotes the average duration of each iteration C is the channel bandwidth, B
represents the batch size (in bits) and Gy represents the channel gain for the k-th IoT
device. The channel gain G}, is computed as G, = 10~/ where ¢, denotes the path
loss experienced by the k-th 10T device, following the formulation in [86]. For path-loss
characterization, we employ the air-to-ground model used in [99]. B} represents the total
data volume per batch, computed as the number of data records multiplied by the size (in

bits) per record. The average offloading delay across all IoT devices is expressed as:

D = —ZD“O (5.8)

This formulation quantifies the average transmission latency incurred during the of-

floading phase and serves as a key metric in evaluating The efficiency of the hierarchical
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UAV-MEC FL system. Each IoT device employs stochastic gradient descent (SGD) for
local model training. The total computational load 3 at the k-th IoT device is expressed
as:

2e="To""BLLL (5.9)

where T denotes the number of local epochs per FL round, b,(f’l) represents the number of
batches per epoch, and L? indicates the number of CPU cycles required to process one bit of
data at the k-th IoT device [88]. The local computation delay D Y for the k-th IoT device
is therefore given by:

Yo" BI LI

I,
DI = e, (5.10)
k

where st = \/p; (LDl vl denotes the computational speed of the k-th IoT device [98]. v}

denotes the capacitance coefficient, and p,(f’l)

represents the processing power allocated to
the k-th 1IoT device. This formulation captures the total time required for local processing
during each FL iteration and forms a critical component of the overall delay model. Average

local processing delay can be calculated as:
—(I,1) 1 &
4 — (Ivl)
D7 == kgl D, (5.11)

For the j-th UAV-MEC server, the local loss function for processing offloaded datasets

is defined as:

Fj( _| Ul)| Z fz ; (5.12)

i

where wJU denotes the model parameters of the j-th UAV-MEC after processing the offloaded
data batches. The term bgU’l) represents the set of mini-batches allocated for local training

at the UAV-MEC, comprising aggregated data samples offloaded from multiple IoT devices.
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The global aggregated model is then computed as:

1 1 1
Ve (Z |bl(f )|w,€ + Z |b§U )|w§]> , (5.13)

keN JEM

where R =", |b,(f’l) 2 iem |b§»U’l)] denotes the total number of data samples participat-

ing in the current FL round across all IoT devices and UAV-MEC servers. This weighted
aggregation follows the standard FedAwvg principle, assigning proportional importance based
on the amount of data processed at each node. The local computation delay of the j-th

UAV-MEC server is expressed as:
(5.14)

where T denotes the number of epochs per FL round, B]U represents the batch size (in bits)
processed by the UAV-MEC, L;J indicates the number of CPU cycles required to process
one bit of data, 55] is the computational capacity for local processing [88]. This relationship
reflects the inverse-square dependence of computation delay on available processing power,
a common feature in dynamic voltage and frequency scaling (DVFS)-based energy models.

The total system processing delay can be defined as:

K
DU — —{ZDIEI’D 4 Z D1(nU,l)} + NDg, (5.15)
K+ M keK meM

where D,, denotes aggregation and broadcasting delay, and N is the number of global FL
iterations required for model convergence [105].
We formulate an optimization problem with an objective to minimize the maximum delay,

which consists of offloading and processing delays:

min WD & ( o) )
bhbgpy ref
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mwn max?

C5: PY,, < p™ pl"? < PY Vje M (5.16)

mwmn — max

C6: PY,, < p 4 pl"? < PU

mwn max

VjeM
C7: Blogs(1+ p"” G/ No) > Xonin, Yk € N

08:0 < b (t) <bl%e) . Vae {i,0}

— Yj,max>’

C9:9D < Dyaa

where D,.; and V,.; are constants, which are utilized to normalize the scales for delay and
GAN respectively. C1 and C2 ensure that total power consumption by IoT devices and
UAV-MECs stays within the power budget (PL,,;, PY,.;)- C3- C6 bound the power allocated
for local processing and offloading at [oT devices and UAVs, ensuring that valid operational

limits ((PL, ,PL ), (PY.

min’ max

U PY)) are maintained. C7 enforces that the data rate for each

IoT device must meet a minimum threshold (X,,;,) to satisfy QoS requirements. C8 ensures

that offloading and processing queues (b (WD pe) y (plhh plo)

J,max’ ”j,max k,max’ “k,max

) do not exceed capacity.
C9 ensures that the total system delay © remains below a predefined maximum (9,,,.),
enabling efficient task execution. This optimization framework ensures that FL in the UAV-
aided IoT network is efficient, stable, and meets QoS constraints while minimizing overall
system delay. It is important to note that we minimize the sum of delays across all devices
rather than the maximum delay at IoT devices. Our focus on optimizing queue lengths

motivates this approach, which inherently balances the delay across devices. By preventing
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any single IoT device from experiencing excessively long queues, we implicitly ensure that

delay disparities among devices remain minimal.

5.3 Proposed Solution

To solve the dynamic stochastic optimization problem formulated in Section IV, we adopt
the Lyapunov drift-plus-penalty (DPP) method, a well-established technique for stabilizing
queue-based systems while optimizing long-term performance metrics. The same approach
has previously been deployed in our conference version of this work [106], wherein a UAV-
assisted FL system without GAN augmentation was analyzed. In the current study, we
extend that framework by incorporating data augmentation dynamics and addressing addi-
tional power allocation constraints arising from GAN training.

The key idea of the DPP method is to transform the long-term time-average optimization
problem into a series of deterministic per-time-slot sub-problems. These sub-problems are
constructed by minimizing a weighted combination of the Lyapunov drift (which encourages
queue stability) and the penalty function (which captures the objective, such as power con-
sumption). Let T denote the drift weight and V' > 0 denote the control parameter that
balances the trade-off between penalty and queue stability. The detailed derivation of the
drift-plus-penalty expression has been omitted here for brevity but can be found in [106].

Upon decomposing the problem, we obtain the following three sub-pr

The first sub-problem of queue backlogs can be written as:

min Z (levl)(t) _ QELQ) (t)) b@('l’l)

b7(;I,c>z)7 b7(;U,a)

ieK
vV ae{i,o}
5 CRUREROE
€K
Y ((wa _ Q) <t>>)b§“” (5.17)
meM
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Subject to C8, C9 and Q < oo.

The second and third subproblems of local processing powers and offloading power for
IoT devices, primary UAV and secondary UAVs are convex and non-convex, respectively and

can be written as:

I (L,1) I
mip Z(V@B o
ieK

vV ~e{U.I}
U Y, ) BLE
T0Sm kEK Vi k
+ ;(VL{HBm - 7 ) (5.18)

Subject to C1 - C6, C9.

and,

min Z Z (VBTOZOQQ(l + pzl ). ./ No)

PV Y LUY icR mem

b 0)/(BTologz(1 + p; (o) . /NO))>

Subject to C1 - C7, C9. (5.19)

We employ the SQP method to solve each optimization subproblem independently. In ev-
ery iteration, the nonlinear objective and constraints are locally approximated by a quadratic
model and linear models, respectively. This yields a quadratic programming subproblem
whose solution defines a search direction for the original nonlinear problem. The candi-
date solution is then updated using either a line-search or trust-region strategy to ensure
progress and feasibility. Overall, SQP progressively refines the solution by constructing

increasingly accurate local approximations around the optimum, making it particularly ef-
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fective for the smooth yet non-convex nature of our power allocation subproblems [101].
Our overall algorithmic framework closely follows the approach in [106], with extensions to
handle GAN-augmented data queues and dynamic power allocation for local and FL phases.
The reader is referred to that work for the complete derivation and convergence analysis of

the drift-plus-penalty formulation.

5.4 Performance Evaluation

5.4.1 Simulations Setup
Deep-learning Configurations

We set the parameters a = 1 and § = 40, and define the target training accuracy for the
FL model as 98%. The reported results are averaged over 10° Monte Carlo simulations and
presented with a 95% confidence interval. Prior to training, the dataset is normalized using
a mean and variance of 0.5. For the FL. model, we employ a Convolutional Neural Network
(CNN) consisting of two convolutional layers followed by a flattening operation and a fully
connected output layer. Each client performs three local training epochs with a learning
rate of 1 x 1073, using the ADAM optimizer and cross-entropy loss function. For the GAN,
the discriminator comprises three fully connected layers with LeakyReLU activation and a
dropout rate of 0.3, followed by a final linear layer with sigmoid activation. The generator
adopts a similar architecture, with three fully connected layers using LeakyReLU activation
and a final layer with Tanh activation. We employ the ADAM optimizer for both networks,
using learning rates of 3 x 1073 for the generator and 1 x 1072 for the discriminator. Binary

cross-entropy is used as the loss function, and the batch size is set to 64 samples.

Wireless Configurations

We consider a hierarchical FL network comprising K = 30 [oT devices, 3 follower UAVs and
1 leader UAV (N = 4). We consider the channel bandwidth to be 20 MHz. Power budget
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for each follower UAV-MECs and leader UAV is PVl i5 10 Watts. At each device, the
total power is partitioned into computation power, denoted by p’! and p¥*, and communi-
cation power, denoted by p° and p¥°, for IoT devices and UAVs, respectively. We consider
the communication overhead between IoT devices and UAVs for FL iteration, broadcasting
weights back to each IoT device to be constant. This overhead can be considered constant
as we communicate with a fixed number of IoT devices and UAV-MECs and almost a fixed
communication load for each IoT device and UAV-MEC. We consider a minimum and max-
imum power limit for both computations and communications for each IoT device. The

=0.01 W, and the maximum power is P, =0.5 W

max~

minimum power for an IoT device is PL.

for both communication and computations [97]. For UAV, the lower limit for computation

= 5W, and the upper limit is PY = 10 W. We consider the MNIST dataset

« pU
power is P, a

of size 400 Mb in our simulations [94]. When the cumulative arrivals exceed the size of
the original MNIST dataset, we generate additional data samples using standard geometric
transformations (i.e., rotation, translation, and sheering) [102]. We consider the capacitance
coefficient for UAV (vY) and IoT (¢}) to be 1e7? [95]. We fixed an iteration time of 200ms
for parameter aggregation and model broadcast. w; and w; are set to 0.5 each. Vs is set
to 1, and D,.s is set to 4 based on average values of multiple runs. Detailed simulation
parameters are shown in Table 5.1.

All simulations were implemented in Python. The traditional optimization components
were solved using the Gurobi optimizer, whereas the FL framework was implemented in
PyTorch. The experiments were executed on the Google Cloud Platform (GCP) Compute
Engine to ensure consistent computational performance. This configuration provides a bal-
ance between computational efficiency and numerical stability, ensuring reliable convergence

of the per-slot optimization. The details of the simulation environment are summarized in

Table 5.1.
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Table 5.1: Simulation parameters.

Description ParameterValue
[oT devices K 30
Follower UAV-MEC servers M—-1 3
Leader UAV-MEC servers 1
Channel bandwidth C 20 MHz
Power budget for UAV-MECs PY 10 W
Power budget for IoT devices PL 10 W
Minimum power for IoT device PL 0.01 W
Maximum power for IoT device PI . 0.5 W
Minimum computation power for UAV- | PU_ 5W
MEC server

Maximum computation power for UAV- | PY 10 W
MEC server

Capacitance coefficient for UAV-MEC | £ le 19
Capacitance coefficient for IoT v le %
Dataset utilized for FL MNIST | 400Mb
FL parameter « 1

FL parameter 6] 40

FL training accuracy 98%
Transmission and broadcast delay D, 200ms
Minimum data rate Xinin 1Mb/s
Network type CNN

CNN structure

Learning rate
Optimizer

Loss function
Discriminator layers
Generator layers
Activation function
Optimizer (Gen/Disc)
Learning rate (Gen)
Learning rate (Disc)

Loss function

2 conv + flatten + fully connected
(FC)

1x 10710

ADAM

Cross-Entropy

3 FC + dropout (0.3) 4 sigmoid
3 FC 4 Tanh

LeakyReLLU

ADAM

3x 1073

1x1073

Binary Cross-Entropy
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Figure 5.2: GAN data generation.

5.4.2 Simulation Results

Fig. 5.2 illustrates samples generated by the GAN at different stages of training. Each col-
umn corresponds to data produced after every five global iterations of GAN training, except
for the final column, which depicts the real dataset samples (ground truth). As training
progresses, the generator increasingly captures the characteristics of each category. By ap-
proximately 45 iterations, the generated samples closely resemble the true data distribution,
demonstrating that the generator has effectively learned to represent each class.

Fig. 5.3 shows the offloaded data distributions for follower glsuav-MEC. To analyze
the class imbalance in the offloaded dataset, we compute the class distribution at each
UAV-MEC server by dividing the number of offloaded samples belonging to each class by

the total number of offloaded samples. The resulting class probabilities clearly show that
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Figure 5.3: Class probabilities at UAVs with and without data-augmentation.

the distribution is non-uniform across classes and across different UAVs. For instance, the
probability of class 9 in the dataset offloaded to UAV-1 is significantly higher than that
of any other class, indicating an over-representation of class 9 samples. In contrast, at
UAV-3, the probability of class 9 is considerably lower, revealing an under-representation
of that class. Similar variations are observed for other classes as well, confirming that the
dataset is highly imbalanced across different UAV-MEC servers. After applying the trained
GAN to selectively generate additional samples for the under-represented classes, the class
distribution becomes substantially more uniform. This demonstrates the effectiveness of
the proposed GAN-based augmentation strategy in mitigating class imbalance in federated
offloading scenarios.

Fig. 5.4 presents the loss functions of the global generator and discriminator at the leader
UAV. As observed, the generator loss initially increases during the early iterations, which is

typical in GAN training since the generator starts with random weights and gradually learns
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Figure 5.4: Generator and discriminator loss at leader UAV.

to produce realistic outputs. The distributed nature of the training further contributes
to this initial fluctuation, as model aggregation from multiple follower UAVs introduces
additional variability. As training progresses, the generator loss begins to decrease while the
discriminator loss rises, an indication that the generator is improving and producing samples
increasingly difficult for the discriminator to classify correctly. Around iteration 35, both
losses stabilize, signifying that the adversarial training process has reached equilibrium and
the model has achieved convergence.

Fig. 5.6 presents a comparative analysis of several state-of-the-art data augmentation
techniques against the proposed GAN-based augmentation method. During the initial phase
(Rounds 0-9), the model is trained exclusively on the original dataset to establish a baseline
accuracy. Starting from Round 10, different augmentation strategies are incorporated to ex-

amine their impact on model convergence and final performance. Representative samples of
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Figure 5.5: Dataset samples of different solution approaches.

all datasets generated via these augmentation strategies are also illustrated in Fig. 5.5, high-
lighting the visual differences introduced by each method. The first method evaluated is the
geometric transformation approach [107], which applies traditional image-space operations
such as random rotations, flips, crops, translations, scaling, and zooming. Although widely
used in the literature, this method yields the weakest improvement in our experiments. This
is primarily because the dataset under study is already well-oriented, and geometric alter-
ations add limited semantic variation while sometimes introducing distortions that hinder
learning. The second technique is CutOut [108], where randomly selected rectangular regions

within an image are masked out. By forcing the model to rely on multiple discriminative

132



1.0

AT

-e- Original Dataset
GAN-augmented Dataset

0.2 -o- Cutout Dataset
] -o- CutMix Dataset

? -o- Geometrically Altered Dataset

Accuracy
o
T

o
=~
P

7 T 1
0 5 10 15 20 25 30 35 40

Round

Figure 5.6: Performance of different approaches.

regions rather than a single dominant feature, CutOut demonstrates noticeable improvement
over the non-augmented baseline. The third method, CutMix [109], replaces a portion of an
image with a corresponding patch from another sample belonging to the same class. Unlike
CutOut, which removes information, CutMix substitutes it with meaningful class-consistent
content, enabling the model to learn richer mixed-feature representations. This results in
slightly better performance than CutOut, as shown in Fig. 5.6. Finally, the proposed GAN-
augmented dataset achieves the highest accuracy among all evaluated techniques. By syn-
thesizing realistic samples that preserve the statistical distribution of the original dataset,
the GAN introduces greater variability without compromising label fidelity, resulting in both
faster convergence and superior final accuracy. In summary, geometric transformations yield
limited benefit, CutOut and CutMix offer moderate improvements, whereas the GAN-based
augmentation provides the most substantial performance gain, confirming its effectiveness
in improving model robustness in FL scenarios.

Fig. 5.7 illustrates the average power consumption across different system components
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Figure 5.7: Power consumption during FL. and GAN training.

during the learning process. During the initial FL iterations (Rounds 1-10), the follower
UAV-MEC servers exhibit relatively low power usage, primarily due to limited local process-
ing and lightweight communication tasks. A similar trend is observed after Round 50, when
the system transitions back to standard FL. However, in the intermediate phase (Rounds
10-50), corresponding to the GAN training period, there is a noticeable increase in power
consumption by the follower UAV-MEC servers. This is attributed to the additional com-
putational load associated with GAN-based dataset generation and local model training. In
contrast, the IoT devices exhibit minimal power usage in this interval, as they focus solely
on data collection and offloading, without participating in local learning.

Overall, the results clearly show a shift in power distribution during GAN-assisted aug-
mentation, highlighting the increased computation burden on follower UAVs and reduced

activity at the IoT devices.
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5.5 Conclusion

This chapter presented a novel UAV-aided distributed GAN framework integrated within a
hierarchical edge-assisted FL environment. The proposed architecture leverages the compu-
tational capabilities of multiple follower UAV-MEC servers and a leader UAV to collabora-
tively train GAN models using data offloaded from resource-constrained IoT devices. By
enabling decentralized and privacy-preserving model training, the system effectively reduces
the reliance on centralized data collection and supports scalable learning across geographi-
cally distributed IoT devices.

Comprehensive experimental evaluations demonstrated the progressive improvement in
generator performance and the stabilizing trend of the adversarial loss functions over suc-
cessive global iterations. The generator initially exhibited higher loss values due to random
initialization and distributed aggregation effects but gradually achieved convergence as the
number of training rounds increased. After approximately 35-40 iterations, both the genera-
tor and discriminator losses stabilized, indicating that the GAN had reached an equilibrium
where generated samples closely approximated the real data distribution.

Overall, the results confirm the feasibility and robustness of the proposed distributed
GAN training scheme in UAV-assisted edge environments. Beyond demonstrating stable
convergence behavior, the framework provides a practical pathway for on-demand data gen-
eration and augmentation in remote or data-scarce regions. Future research will focus on
extending the current design to multi-leader and multi-hop topologies, incorporating adap-
tive communication strategies, and integrating reinforcement learning-based coordination
for improved convergence efficiency and reduced energy consumption. Extending the ex-
perimental evaluation to more complex datasets (e.g., CIFAR-10 or domain-specific sensing
datasets) is an important direction for future work, particularly for large-scale deployments

w here model complexity and data heterogeneity are more pronounced.
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Chapter 6

Conclusion

This thesis presented a comprehensive investigation into the design, optimization, and en-
hancement of UAV-aided FL systems for mission-critical IoT applications. Motivated by the
increasing demand for reliable, low-latency, and privacy-preserving intelligence in remote and
infrastructure-limited environments, this work explored how UAV-mounted MEC platforms,
hierarchical FL architectures, queueing mechanisms, and GANs can collectively overcome
long-standing challenges such as device heterogeneity, the straggler effect, and Non-IID data
distributions.

The research contributions evolved across three progressively advanced frameworks. First,
the FL framework demonstrated how partial dataset offloading to a UAV-MEC server, com-
bined with optimized power allocation, can significantly reduce system delay while main-
taining energy efficiency in heterogeneous IoT environments. Deterministic optimization
and reinforcement-learning-based scheduling were proposed and validated through simula-
tion, showing clear improvements over classical FL and edge learning baselines.

Second, this thesis extended UAFL into a hierarchical architecture through the Hierar-
chical UAV-aided FL framework enriched with a multi-queue model. This design introduced
follower—leader UAV hierarchy, queue-aware scheduling, and Lyapunov-based optimization

for power, offloading, and QoS-aware decision making. The hierarchical queue-based struc-
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ture substantially improved scalability, system stability, and latency performance, particu-
larly under dynamic data arrivals.

Finally, this thesis introduced a GAN-augmented hierarchical UAV-MEC FL system,
addressing the persistent issues of Non-IID data, information islands, and accuracy degra-
dation. By leveraging offloaded datasets to train distributed GANs at follower UAV-MECs
and aggregating generator models at the leader UAV, the framework simultaneously achieved
delay reduction and accuracy enhancement. To the best of our knowledge, this is the first
work to integrate federated GAN training within a queue-aware hierarchical UAV-MEC FL
pipeline.

Across all three stages, simulation results consistently demonstrated that the proposed
frameworks outperform traditional FL, edge-only learning, and single-tier UAV-assisted
learning schemes. The results highlight the critical importance of jointly optimizing compu-

tation, communication, and data-processing strategies in UAV-enabled intelligent systems.

6.1 Future Research Directions

Building on the findings of this thesis, several promising avenues remain open for future

investigation:

o« UAV trajectory optimization: Incorporating trajectory control jointly with learn-
ing, offloading, and queueing decisions opens the door to fully adaptive UAV behavior.
By dynamically repositioning UAVs based on real-time workload imbalance, queue con-
gestion, wireless link quality, or spatial distribution of critical events, the system can
reduce communication delay, balance computational load, and improve sensing cov-
erage. Future work may focus on reinforcement-learning-based mobility controllers,
multi-UAV cooperative path planning, and predictive mobility models that anticipate

data surges before they occur.

e Security and privacy enhancements: As hierarchical and queue-aware UAV-
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assisted FL systems operate in open and potentially adversarial environments, ensuring
data integrity, confidentiality, and robustness becomes crucial. Future research can ex-
plore integrating adversarial training to defend against data poisoning, differential pri-
vacy mechanisms to limit information leakage from gradient updates, and lightweight
secure aggregation designed for bandwidth-limited UAV-IoT networks. These im-
provements would help guarantee safe deployment in mission-critical scenarios such as

disaster response or border surveillance.

o Lightweight generative models for resource-constrained UAVs: Although
GANs and diffusion models significantly improve learning accuracy under Non-IID
data distributions, their computational overhead poses challenges for power-limited
UAV platforms. Developing lightweight or compressed generative models through
pruning, quantization, neural architecture search, or distilled variants could enable

on-board dataset augmentation without breaking energy constraints.

« Real-world prototyping and experimentation: To validate scalability and reli-
ability, the proposed hierarchical and queue-aware FL framework should be deployed
on real embedded platforms, such as Jetson TX2-powered UAVs, Raspberry Pi-based
MEC nodes, or hybrid cloud-edge testbeds. Experimental evaluation under realistic
wireless conditions, variable channel gains, intermittent connectivity, and heteroge-
neous [oT devices, would provide insights into practical limitations, fine-tune energy—
delay trade-offs, and bridge the gap between simulation and operational field envi-
ronments. Such prototypes are essential for future integration into disaster response

systems, environmental monitoring, and smart-city infrastructures.

Closing Remarks

Overall, this thesis provides a unified and scalable design for next-generation UAV-assisted

FL systems. By integrating optimization theory, queueing models, hierarchical cooperative
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learning, and generative modeling, this research advances the state of the art in edge intelli-
gence and lays the foundation for autonomous, distributed, and resilient learning frameworks

capable of operating in mission-critical IoT deployments.
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