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Abstract

High altitude platform station (HAPS) systems are recognized as a promising technol-

ogy for the future evolution of wireless communications, particularly in the context of the

Internet of Things (IoT) and the development of beyond 5G (B5G) and 6G networks. By

operating at stratospheric altitudes, HAPS systems are able to provide extensive wide-area

coverage, low latency, enhanced resilience, and cost-effective network access, particularly

for remote and underserved regions where terrestrial or satellite infrastructure is insuffi-

cient. HAPS are expected to serve as essential components in space–air–ground inte-

grated networks (SAGIN), contributing to massive IoT connectivity, emergency recovery,

and seamless integration with terrestrial and non-terrestrial communication layers. The

increasing importance of HAPS is underscored by their capability to enable line-of-sight

(LoS) propagation, efficient multi-access edge computing, and stable connectivity in a

variety of application scenarios, including real-time data acquisition and critical event

response.

Nevertheless, the unique characteristics of HAPS, including their continuous move-

ment, the variability in deployment environments, and the inherently dynamic and non-

uniform distribution of user equipments (UEs), present significant technical challenges.

A major issue lies in maintaining consistently high throughput for UEs across the cov-

erage area, as the movement of HAPS and the mobility of UEs frequently result in sub-

optimal cell configurations, uneven throughput distribution, and increased occurrence of

low-throughput UEs. To maintain robust network performance and guarantee quality of
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service, it is essential for HAPS systems to dynamically adjust antenna beamforming in

real time, optimizing both beam direction and coverage to adapt to instantaneous UE dis-

tributions. However, conventional reactive or heuristic methods for dynamic beam control

are insufficient in minimizing the number of low throughput UEs and generally exhibit

high computational complexity, making them unsuitable for practical, large-scale, and

latency-sensitive HAPS operations.

Chapter 1 provides a comprehensive introduction to the context and motivation for

this research, including a detailed overview of HAPS technology, its integration in future

wireless network architectures, and a summary of the technical challenges in dynamic

cell configuration and antenna beamforming. The chapter also introduces the structure

of the thesis, outlines the research objectives, and summarizes the primary contributions,

including the sequential development of two novel approaches to HAPS beamforming

optimization.

Chapter 2 presents a comprehensive review of existing research on the performance

enhancement of HAPS networks. The chapter highlights how prior studies have addressed

key challenges such as coverage reliability, dynamic control, and throughput optimization

under practical constraints. This review provides the necessary technical context for the

problem setting and establishes the foundation upon which the proposed optimization

methods are developed.

Chapter 3 establishes the foundational system and antenna models used throughout

this dissertation. By adopting standardized configurations and parameter settings, this

chapter ensures that all subsequent evaluations are conducted under realistic and repro-

ducible conditions, providing a consistent basis for the development and assessment of

the proposed optimization frameworks.

To address the aforementioned challenges, Chapter 4 proposes a clustering-aided op-

timization algorithm that combines particle swarm optimization (PSO) with a novel reg-

ulated K-means clustering method. In this chapter, the regulated K-means algorithm is

introduced to group UEs into balanced clusters, providing meaningful spatial structure

x



for initializing the optimization process. This enables the algorithm to precisely rede-

fine the parameter search space for each cell, thereby reducing computational complexity

and improving the ability to achieve the global optimum in antenna parameter optimiza-

tion. By integrating regulated K-means with PSO, the proposed method dynamically

determines the set of antenna pattern parameters for multi-cell HAPS systems based on

the current UE distribution. Extensive simulations based on real-world UE distribution

datasets demonstrate that the proposed approach outperforms existing methods in reduc-

ing the proportion of low throughput UEs, achieving a more balanced throughput distri-

bution, and maintaining low computational complexity, thereby supporting the practical

requirements of HAPS operations.

Recognizing the limitations of iterative optimization for real-time applications, Chap-

ter 5 proposes a neural network-based beamforming optimization approach. While the

clustering-aided PSO algorithm achieves state-of-the-art performance in determining an-

tenna parameters, its reliance on iterative search introduces variability and constrains

real-time applicability. To overcome these limitations, a deep learning model based on

the ConvNeXt V2 architecture is developed to directly predict antenna parameters from

UE distributions represented as spatial density maps. The network employs a normal-

ization strategy to enable generalization across different coverage radii and incorporates

a permutation-invariant loss function, using the Jonker–Volgenant (JV) assignment al-

gorithm, to resolve the order ambiguity inherent in multi-cell configurations. The neural

network model is trained using ground truth data generated by the PSO-based method and

is rigorously evaluated using extensive real-world datasets. The results indicate that the

neural network-based method achieves throughput performance close to that of the best

iterative optimization while significantly reducing inference time and ensuring stability,

thus meeting the demands for robust real-time beam control in HAPS systems.

Chapter 6 concludes the thesis by summarizing the major findings, analyzing the

implications of the proposed methods, and discussing their significance for intelligent

HAPS-enabled networks. The chapter also provides recommendations for future research

xi



in both algorithmic and architectural aspects, with the aim of realizing intelligent net-

works that fulfill the requirements of an increasingly connected IoT ecosystem.
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1.1 Background

The evolution of wireless communication technologies toward beyond 5th-generation

(B5G) and 6th-generation (6G) networks has positioned the Internet of Things (IoT) as

a critical focus, driven by the increasing complexity of IoT applications and the need for

intelligent connectivity solutions, such as edge intelligence [1–6]. To meet the increasing

networking demands of IoT, high altitude platform station (HAPS) systems are emerging

as a key candidate, offering wide-area coverage, enhanced network resilience, and im-

proved service delivery, particularly in remote and inadequately connected regions [7–9].

The HAPS coverage area spans from a few dozen kilometers to a radius of up to 100

km, making it instrumental in extending communication services to regions that previ-

ously lacked network access, such as remote islands, mountainous areas, or any regions

with no cellular network infrastructure. Traditional terrestrial based stations often en-

counter challenges in these regions due to difficult terrain, high costs, and limited accessi-

bility. Furthermore, HAPS has also been considered for integrating simultaneous wireless

information and power transfer (SWIPT), providing a sustainable solution to prolong the

lifetime of energy-constrained devices in unpopulated regions [10].

Commercial HAPS mobile communication services propose the deployment of un-

manned aerial vehicles (UAVs), including balloons, airships, and specially designed air-

craft, operating in the stratosphere at altitudes of around 20 km and providing coverage

with a radius ranging from tens to hundreds of kilometers [8]. For example, several

companies have been actively developing the physical systems and establishing network

connectivity for HAPS systems using solar-powered UAVs [11–13]. Fig. 1.1 illustrates a

typical HAPS system functioning as a repeater. In this setup, the HAPS connects to the

Internet through a feeder link via a gateway station and delivers services directly to user

equipments (UEs) within its coverage area through service links.

Compared to satellite communications, another form of Non-Terrestrial Network (NTN),

HAPS also offers cost efficiency and ease of operation, as well as low latency. HAPS

system operates at much lower altitudes than communication satellites, leading to signifi-

cantly different round trip times (RTT) for data transmission. For example, geostationary
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Figure 1.1. Illustration of a typical HAPS system functioning as a repeater.

earth orbit (GEO) satellites have an RTT of 240–280 ms, medium earth orbit (MEO) satel-

lites have an RTT of 54–86 ms, and low earth orbit (LEO) satellites have an RTT of 6–30

ms [14]. In contrast, the RTT for HAPS is approximately 360 µs at a distance of 50 km

and 680 µs at 100 km. This advantage makes HAPS an promising system for supporting

low latency communications, such as Ultra-Reliable and Low Latency Communication

(URLLC) where the 3GPP standard targets a packet failure rate of 10−5 within 1 ms over-

the-air latency [15]. These advantages position HAPS as a key component in B5G and

6G mobile communication systems.

With the growing focus on space–air–ground integrated networks (SAGIN), HAPS

systems have gained increasing attention for their ability to enhance IoT connectivity

through seamless cooperation with satellites, UAVs, and terrestrial networks [16, 17].

HAPS systems enable massive access, low-latency, cost-effective, and energy-efficient so-

lutions, supporting real-time, high-reliability IoT applications across wide areas [18, 19].

Additionally, HAPS systems can rapidly and seamlessly restore network services fol-

lowing natural disasters, allowing UEs to connect without the need for additional equip-

ment [20, 21].

These advantages underscore the role of HAPS systems, positioned in proximity to

UEs compared to satellites, as a crucial component in advancing research on novel SA-

GIN architectures designed to support IoT applications. For instance, HAPS operating

between UEs and satellites can provide stable and seamless communication services for

3



IoT applications in remote areas by storing and forwarding data during intermittent con-

nections, or by mitigating interference through null directivity control [22, 23].

Moreover, HAPS functioning as a multi-access edge computing (MEC) server within

SAGIN can provide scalable, low-latency solutions for managing complex IoT data, of-

fering additional computational capacity for resource-intensive IoT applications, or pre-

dicting massive IoT traffic demand to optimize dynamic communication resource con-

trol [24, 25]. Recent research has further integrated reconfigurable intelligent surfaces

(RIS) and semantic communication into MEC-assisted integrated aerial-ground networks

(MEC-IAGN), proposing a novel framework to enhance computational efficiency and net-

work resilience against jamming attacks and imperfect channel state information (CSI)

[26].

In parallel with the evolution of HAPS-based IoT solutions, the broader development

of integrated non-terrestrial network architectures has highlighted the role of LEO satel-

lite constellations, HAPS constellations, and airborne nodes as dynamic and reconfig-

urable components within SAGIN. Recent research emphasizes the importance of hetero-

geneous constellations combining CubeSats and HAPS, where multi-layer architectures

can be optimized for region-specific coverage, low latency, and inter-layer task coordi-

nation [27–29]. To support this, design frameworks propose the joint use of satellite

onboard processing, ground gateways, and MEC-enabled airborne platforms for real-time

responsiveness and data compression [30–32]. Meanwhile, constellation design optimiza-

tion for IoST and edge-aware LEO–HAPS–terrestrial coordination enables scalable and

latency-aware connectivity across diverse geographic and mobility conditions [28,33]. In

these multi-tier networks, architectural models such as the satellite–terrestrial integrated

edge computing network (STECN) and task-oriented intelligent networking approaches

demonstrate the feasibility of coordinated MEC deployment across LEO, HAPS, and ter-

restrial nodes [29, 34].

Efforts to strengthen real-time responsiveness, interference mitigation, and energy ef-

ficiency have driven architectural innovations involving intelligent mobility management,

4



multi-node scheduling, and forecast-based handover in dynamic and mobile NTN envi-

ronments [29,35–37]. For instance, flexible mobility control and relay-aided architectures

have been proposed to reduce the burden of frequent LEO handovers and to mitigate up-

link jamming or downlink eavesdropping through satellite beam hopping and selective re-

lay switching [38,39]. HAPS systems are also well-suited to serve as computation-aware

relays between user devices and satellites, using dynamic edge coordination to offload IoT

or sensory data depending on priority, delay sensitivity, and power availability [32,40,41].

These advances align with broader studies in urban blockage modeling and interference-

aware densification, which show the critical need for elevated platforms like HAPS in en-

suring robust LoS links and managing spatially dense communication footprints [36, 42].

Furthermore, emerging service frameworks leverage clustering, trajectory prediction, and

multi-access strategies to optimize real-time computation delivery for high-mobility use

cases such as vehicular networks or aerial traffic management [34, 35, 43].

The convergence of terrestrial, airborne, and satellite MEC platforms facilitates dis-

tributed task execution and cross-domain orchestration, enabling end-to-end services even

under infrastructure constraints. HAPS platforms, with their quasi-stationary flight paths

and flexible altitude control, offer stable mid-layer computation points between terres-

trial base stations and rapidly moving LEO satellites [31, 33, 44]. Hybrid networking

strategies employing free-space optics (FSO), mmWave, and multi-beam antennas further

enhance HAPS’s role in vertical backhaul/fronthaul frameworks, especially in ultra-dense

or disaster-recovery scenarios [31, 41, 45]. To ensure service availability, mobility-aware

service migration and containerized orchestration schemes have been introduced for both

satellite and airborne nodes, enabling low-latency edge support for delay-sensitive appli-

cations such as augmented reality (AR)/virtual reality (VR), or sensor fusion [29,32]. Ad-

ditionally, developments in blockchain-enhanced security mechanisms and decentralized

identity verification offer viable solutions to mitigate SIN vulnerabilities across satellite

and HAPS communication layers [38]. Altogether, these advancements underscore the
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importance of incorporating HAPS into the future design of globally distributed, energy-

aware, and resilient NTN systems supporting massive-scale IoT and edge-intelligent ap-

plications [34, 43, 46].

1.2 Motivation and Methodological Overview

1.2.1 Dynamic Beamforming

To support a wide range of applications, it is crucial to ensure sufficient throughput be-

tween HAPS and UEs. Multi-user multiple-input multiple-output (MU-MIMO) and mas-

sive MIMO with beamforming techniques have been extensively developed to enhance

communication services and are now explored for integration into HAPS systems [47–57].

However, implementing massive MIMO in HAPS communications presents two pri-

mary challenges. The first challenge is the practical implementation of a specially de-

signed phased array antenna with a sufficient number of antenna elements to support a

massive number of UEs over a very wide coverage area. This requirement is technically

demanding and difficult to achieve in practice. The second challenge is the computational

complexity associated with handling CSI feedback, which becomes excessively high due

to the vast coverage area and the large number of UEs. Additionally, the pilot overhead

required for CSI feedback can be substantial, further complicating the implementation.

In addition to massive MIMO, the multi-cell configuration with single-cell frequency

reuse is also considered as a solution [58–65]. However, challenges arise from the irregu-

lar and constantly changing distribution of UEs within the coverage area. The continuous

movement of HAPS, driven by varying coverage requirements and influenced by wind

and turbulence, introduces instability that can affect UE throughput and lead to frequent

handovers [66–68]. Additionally, the non-uniform and dynamic nature of UE distribution

exacerbates these issues, leading to further degradation in network performance.

In this dissertation, to address these challenges and prevent network outages for UEs,

we focus on methods that enable HAPS to continuously optimize cell configuration and

quickly adapt to changing conditions. Given the altitude at which HAPS operates and
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Figure 1.2. Illustration of dynamic beam control based on UE distribution. HAPS continuously
optimizes beams rather than relying on a fixed, uniform cell configuration.
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the scenarios in which it is deployed, HAPS is expected to provide strong line-of-sight

(LoS) communication services to UEs. The LoS propagation allows for the assumption

of free space path loss in data transmission. Consequently, CSI feedback can be simplified

to angular information of UEs relative to the HAPS, which is essentially location-based

data [69]. In this case, optimizing cell configuration based on UE distribution will be

equivalent to optimizing a MU-MIMO system.

Moreover, the optimal solution should be applicable to both downlink (DL) and up-

link (UL) communications. By regularly obtaining the optimal multi-cell configuration

at small time intervals, we can dynamically control the antenna to maintain consistently

strong throughput performance for UEs and reduce the occurrence of handovers, as illus-

trated in Fig. 1.2.

1.2.2 Clustering-Aided Beamforming Optimization

The challenges identified in the dynamic beamforming of HAPS systems reveal that con-

ventional approaches are often inadequate for coping with the highly dynamic and non-

uniform distribution of UEs over large coverage areas. Traditional methods, such as static

cell configuration or uniform cell splitting, lack adaptability to frequent changes in UE

spatial distribution and platform mobility [70–72]. As a result, these techniques fre-

quently result in regions with persistently low throughput and fail to provide balanced

or fair network performance.

To address these challenges, a variety of optimization approaches have been explored,

including metaheuristics such as genetic algorithm (GA), as well as machine learning-

based methods such as reinforcement learning [73–79]. Among these, iterative optimiza-

tion algorithms like GA have shown potential for finding improved antenna configurations

by dynamically optimizing parameters based on current UE distributions [73, 74]. How-

ever, such metaheuristic methods generally operate over a large, high-dimensional search

space without explicit use of spatial information, which increases the risk of local optima

and results in high computational cost. Furthermore, their performance can be unstable
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and dependent on algorithm initialization, which makes them less suitable for real-time

or large-scale deployment in practical HAPS systems.

Reinforcement learning approaches have also been investigated to enable HAPS to au-

tonomously adapt beamforming strategies [75–79]. While reinforcement learning meth-

ods offer the possibility of online adaptation and learning from interaction with the en-

vironment, they often require extensive exploration and training time, and their real-time

convergence and reliability in the context of highly dynamic multi-cell HAPS scenarios

remain significant challenges.

To overcome the above limitations, this dissertation introduces a clustering-aided par-

ticle swarm optimization (PSO) algorithm for beamforming optimization in multi-cell

HAPS systems. The key novelty of this approach lies in leveraging spatial clustering of

UEs to explicitly guide the optimization process. A regulated K-means clustering algo-

rithm is first applied to group UEs into clusters that are both spatially contiguous and

balanced in size. This pre-clustering step provides meaningful spatial information that

narrows and redefines the search space for PSO, enabling more efficient and robust global

optimization of antenna parameters for each cell.

By integrating regulated K-means clustering with PSO, the proposed method achieves

several important advantages. It significantly reduces computational complexity by focus-

ing the search on relevant parameter regions, improves network fairness by balancing the

allocation of resources among UEs, and enhances overall throughput by enabling dynamic

adaptation to diverse and rapidly changing UE distributions. Simulation results confirm

that the clustering-aided PSO algorithm consistently outperforms conventional heuristic,

metaheuristic, and reinforcement learning-based approaches in terms of minimizing low

throughput UEs, maximizing fairness, and supporting practical, scalable deployment for

real-world HAPS operations.

In summary, the clustering-aided PSO method proposed in this thesis offers a novel

and effective solution for dynamic beamforming in HAPS systems. By incorporating spa-

tial structure into the optimization process, it directly addresses the limitations of existing

methods and advances the state of the art in HAPS-enabled wireless communication.
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1.2.3 Neural Network-Based Beamforming Optimization

The limitations of conventional and state-of-the-art methods for dynamic beamforming

in HAPS systems motivate the need for a fundamentally different approach. As dis-

cussed previously, a range of iterative search-based algorithms, including metaheuristic

techniques such as GA, reinforcement learning approaches, and the proposed clustering-

aided PSO method, have been widely studied to determine optimal antenna parameters

for multi-cell HAPS systems [73–79].

While the clustering-aided PSO achieves superior throughput and fairness perfor-

mance compared to earlier approaches, all of these methods share two critical limitations

as iterative search-based algorithms. First, their iterative nature often constrains real-time

applicability, as practical device and resource limitations may prevent timely computation

of optimal parameters for rapidly changing user distributions. Second, their inherent ran-

domness and sensitivity to initialization introduce instability, which means that repeated

runs on the same input distribution can yield different results, with some runs achieving

higher performance and others significantly worse.

In addition to iterative optimization, a geometry-based approach has been considered

for HAPS beamforming configuration [80]. This approach uses fixed geometric formulas

and clustering algorithms to assign antenna parameters based on the spatial layout of UEs.

The geometry-based approach is capable of extremely fast computation and can easily

meet real-time operational constraints. However, its main drawback is a lack of through-

put optimization, as the antenna parameters are not adapted to maximize UE throughput

but are instead determined by static rules. This results in poor overall performance and

suboptimal coverage for many UEs, making the geometry-based approach unsuitable for

scenarios where quality of service (QoS) is critical.

Another line of research attempts to leverage neural network models, specifically a

multilayer perceptron (MLP)-based approach, to directly predict antenna parameters. Ear-

lier work has combined MLPs with classifier chains and ensemble strategies to accelerate

computation for real-time requirements [81, 82]. Although the MLP-based approach can
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offer significantly reduced inference time compared to iterative search algorithms, it re-

mains fundamentally limited in its capacity to capture the complexity of the beamforming

optimization task. In particular, the MLP-based approach is restricted to predicting only

the horizontal beam direction for each beam, while other essential antenna parameters

must be preset to fixed values. As a result, this approach is unable to optimize the full

set of beamforming parameters, and its achievable throughput lags far behind the perfor-

mance of advanced iterative approaches.

To overcome these limitations, this dissertation proposes a novel neural network-based

beamforming optimization approach utilizing the ConvNeXt V2 architecture. ConvNeXt

V2 is a modern convolutional neural network model that excels at capturing complex

spatial patterns from structured data, making it well-suited for learning the relationship

between UE distributions and antenna parameters in HAPS systems. The core innova-

tion lies in replacing the iterative search process entirely with a supervised deep learning

framework that directly predicts all antenna parameters from the input UE spatial distribu-

tion. This method addresses both stability and real-time applicability challenges inherent

to conventional approaches. Since the ConvNeXt V2 model is trained in a supervised

manner, it always produces stable and consistent output for the same input distribution,

which ensures reliability in dynamic operational scenarios.

Moreover, this approach provides predictable and scalable computation time, as the

model architecture can be adjusted in size to balance the trade-off between computational

resources and prediction accuracy. Comprehensive evaluations demonstrate that the pro-

posed ConvNeXt V2-based method is able to maintain UE throughput performance close

to that of the best iterative optimization algorithms, while offering stable, repeatable re-

sults and guaranteed inference speed suitable for real-time deployment. This advancement

highlights the superiority of the proposed approach for practical HAPS systems, enabling

robust, scalable, and efficient beamforming control for future intelligent non-terrestrial

networks.
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Figure 1.3. Illustration of the structure of the dissertation.

1.3 Outline and Contributions of the Dissertation

1.3.1 Outline of the Dissertation

This dissertation is organized as follows, with each chapter systematically addressing

key objectives and challenges related to dynamic beamforming optimization in HAPS

systems. The overall structure of this dissertation is illustrated in Fig. 1.3

Chapter 2 provides a comprehensive review of existing research related to perfor-

mance enhancement in HAPS networks. The chapter systematically examines prior work

on network architecture, resource management, optimization algorithms, and antenna

beamforming techniques. The literature is organized to reflect a logical progression from

general system-level advancements to more specialized methods for improving network

efficiency and service quality. This chapter establishes the broader research context of the

dissertation and provides the technical foundation for the development of the proposed

optimization approaches in the following chapters.
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Chapter 3 establishes the simulation framework used in this dissertation by detailing

the HAPS system and antenna beamforming models. It specifies the network parameters,

user equipment characteristics, and SINR-based throughput calculation used for perfor-

mance evaluation. The chapter also presents the cylindrical phased array antenna model

and defines the four antenna pattern parameters that serve as the optimization targets in

subsequent chapters.

Chapter 4 presents the first main contribution of this research by developing a clustering-

aided PSO algorithm for beamforming optimization in multi-cell HAPS environments.

This chapter begins by highlighting the practical challenges that arise when traditional

beamforming optimization approaches are applied to multi-cell HAPS systems. The lim-

itations of multiple conventional methods are analyzed in detail to clarify the necessity

of more advanced optimization frameworks. This chapter first defines the objective func-

tion for antenna beamforming optimization based on user throughput, providing a clear

performance criterion for multi-cell HAPS configurations. It then presents the proposed

clustering-aided PSO method, which integrates a novel regulated K-means algorithm to

generate balanced and spatially contiguous user clusters. These clusters provide mean-

ingful initialization for the PSO process, enabling more efficient search space reduction

and guiding the optimization toward high-quality cell configurations. Comprehensive ex-

perimental results are presented, including performance evaluation under various realistic

scenarios, quantitative comparison with existing state-of-the-art methods, and detailed

analysis of throughput, fairness, and computational complexity, all using real-world user

distribution datasets.

Chapter 5 introduces the second major contribution of this dissertation, which is a

neural network-based beamforming optimization framework utilizing the ConvNeXt V2

architecture. The chapter begins with an analysis of the inherent challenges associated

with iterative optimization, geometry-based approaches, and earlier MLP-based models,

especially with respect to real-time applicability and stability in practical deployment.

The design and construction of the ConvNeXt V2-based model are described in detail, in-

cluding the representation of input user distribution, output parameter encoding, network
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architecture, and the specific training strategies employed to ensure robust and general-

izable performance. The methodology for benchmarking the proposed method is then

provided, with experimental evaluation covering throughput performance, computational

efficiency, result stability, and scalability under diverse operational scenarios. The chap-

ter concludes with a discussion of the practical implications of the neural network-based

approach, comparing its performance to the best iterative optimization results and demon-

strating its suitability for real-time HAPS operation.

Chapter 6 provides an overall conclusion to the dissertation, summarizing the key

findings and contributions of the proposed approaches. This chapter discusses the signifi-

cance of the results for HAPS-enabled wireless networks and provides recommendations

for future research based on the work presented in this dissertation.

1.3.2 Contributions

The main contributions of Chapter 4 and Chapter 5 in this dissertation are concisely sum-

marized in Table 1.1 and Table 1.2, respectively. These tables systematically compare

the conventional approaches, clarify their primary limitations, and highlight the advances

introduced by the proposed methods in this work. By presenting the key objectives, tech-

nical challenges, and novel solutions addressed in each chapter, these summaries provide

a clear and structured overview of the research advancements achieved in this dissertation.

Furthermore, a visual comparison of different methods is shown in Fig. 1.4. This figure

clearly states the strengths and weaknesses of both conventional and proposed methods

in terms of two key dimensions: throughput performance and computation time.
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Table 1.1
Limitations of conventional multi-cell HAPS beamforming optimization approaches and the

contributions of Chapter 4.

Objective • Optimize HAPS beamforming for throughput and fairness based on
UE distribution.

Conventional
approaches

• Uniform cell splitting or fixed configuration divides coverage areas
without considering UE spatial distribution [70–72].

• Metaheuristic methods such as GA search for optimal antenna param-
eters but do not utilize UE spatial structure [73, 74].

• Reinforcement learning methods adapt beamforming policies via
throughput evaluation and rewards [75–79].

Conventional
approaches
limitations

• Uniform cell splitting cannot adapt to non-uniform or changing UE
distributions, causing persistent low-throughput areas and poor bal-
ance.

• Metaheuristic methods face high computational complexity and may
get stuck in local optima due to large search spaces and lack of spatial
awareness.

• Reinforcement learning requires long training and may not converge
reliably in diverse HAPS scenarios.

Contributions
of Chapter 4

• Regulated K-means clustering forms spatially contiguous, balanced
clusters of UEs for informed initialization.

• The search space for PSO is narrowed using clustering, improving
optimization efficiency and robustness.

• The method achieves better throughput balance and reduces low-
throughput UEs compared to conventional methods.

• Computational complexity is kept low, enabling practical, real-time
HAPS deployment.
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Table 1.2
Limitations of conventional multi-cell HAPS beamforming optimization approaches and the

contributions of Chapter 5.

Objective • Achieve stable and real-time HAPS beamforming with throughput
comparable to advanced iterative methods.

Conventional
approaches

• Iterative search approaches, including clustering-aided PSO, deter-
mine antenna parameters by repeated optimization [73–79].

• The geometry-based approach assigns antenna parameters using fixed
formulas and clustering [80].

• The MLP-based approach predicts only partial antenna parameters
with a neural network and preset values [81, 82].

Conventional
approaches
limitations

• Iterative search approaches do not guarantee real-time performance
and may give unstable results for the same input.

• The geometry-based approach does not optimize throughput and often
results in poor performance.

• The MLP-based approach cannot predict the full set of antenna pa-
rameters and fails to reach the best throughput.

Contributions
of Chapter 5

• The ConvNeXt V2-based approach directly predicts all antenna pa-
rameters from UE distribution without iterative search.

• The method guarantees stable and consistent results for each input.

• Computation time is fixed and scalable to real-time requirements.

• The method achieves throughput close to the best iterative optimiza-
tion and supports practical deployment.

16



Figure 1.4. Performance comparison of methods.
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Chapter 2

Related Work
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2.1 Network Architecture and System Capabilities

HAPS have been increasingly recognized as a promising component in future wireless

networks, offering flexible deployment, wide-area coverage, and rapid service recovery

in both rural and urban settings [83–85]. Their integration into NTNs enables enhanced

support for diverse application scenarios, including broadband access, disaster recovery,

and IoT connectivity [86, 87]. To unlock their full potential, considerable research has

addressed fundamental challenges related to coverage extension, signal quality, mobility

support, and link stability under various atmospheric and geometric constraints [88–91].

Early studies focused on the spatial deployment and antenna modeling of HAPS

to ensure reliable link quality and minimal inter-beam interference across large cover-

age areas [90, 92]. Analytical frameworks were proposed to evaluate the influence of

beamwidth, elevation angle, and inter-HAP distance on system capacity and signal-to-

interference-plus-noise ratio (SINR), leading to optimized multi-cell planning strategies

for static and quasi-static deployments [90,91]. Meanwhile, user-side enhancements such

as directional receive antennas and cooperative access techniques were also considered to

increase overall throughput and reliability [92, 93].

The introduction of mobile and dynamic HAPS architectures further motivated the

development of mobility-aware mechanisms, especially to support seamless handover in

large-scale multi-cell environments [94–96]. Various handover optimization techniques

have been studied, including predictive algorithms using motion estimation, cooperative

handover schemes, and machine learning–based methods to ensure continuous connectiv-

ity [97–100].

As the demand for high-capacity HAPS networks grows, advanced interference miti-

gation strategies and multi-layered architectures have emerged to support scalability and

system robustness. Research into heterogeneous HAPS constellations and hybrid space-

air-ground integration has introduced layered topologies that enable efficient relay, ag-

gregation, and backhaul mechanisms [88, 101, 102]. These configurations support both

broadband and narrowband services and offer adaptive load balancing across service lay-

ers by leveraging technologies such as adaptive coding and multi-connectivity [85, 89].
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Complementing these architectural advances, waveform design and spectral efficiency

improvements have also been explored. Technologies such as non-orthogonal multi-

ple access (NOMA), faster-than-Nyquist (FTN) signaling, and filter bank multicarrier

(FBMC) have been proposed to enhance spectrum utilization in constrained HAPS envi-

ronments [86, 103–108]. These waveforms exhibit resilience to Doppler shifts and chan-

nel dispersion and are suitable for high-altitude propagation conditions, providing a basis

for supporting heterogeneous traffic patterns and high-throughput applications.

In parallel, significant work has been conducted on dynamic radio resource manage-

ment (RRM) and call admission control (CAC) strategies tailored for HAPS [109–114].

These methods aim to efficiently allocate bandwidth and scheduling resources across

multiple cells, accounting for user density fluctuations, QoS requirements, and inter-

cell interference. Power-aware and fairness-aware admission schemes have demonstrated

improved system utilization, especially in asymmetric user distributions and under con-

strained power budgets typical of airborne platforms [111, 113].

Beyond conventional RRM and waveform optimization, recent studies have investi-

gated more comprehensive approaches to improving HAPS network performance through

the integration of multiple technologies. Multi-hop architectures combining free-space

optical and radio-frequency links have been proposed to enhance backhaul capacity and

improve link reliability, particularly in environments affected by cloud coverage or ra-

dio interference [115–118]. These systems leverage the complementary characteristics of

both technologies to support stable communication under varying atmospheric conditions.

In addition, HAPS-assisted mobile edge computing and IoT frameworks have been

explored to reduce latency and improve task offloading efficiency, often through cooper-

ative UAV relays or adaptive user association mechanisms [93, 119]. These architectures

support location-aware processing in aerial networks and are suitable for deployment in

remote or infrastructure-limited regions.

Recent works have also applied artificial intelligence to enhance HAPS performance

in resource allocation, user association, and mobility adaptation. Reinforcement learning
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methods have been integrated with spectrum access and dynamic reconfiguration strate-

gies to enable adaptive decision-making under uncertainty [119, 120]. These approaches

demonstrate the potential for self-organizing control in dynamic network environments

and represent early steps toward intelligent, data-driven HAPS management.

Collectively, these developments highlight the growing sophistication of HAPS sys-

tems and their increasing integration with terrestrial and satellite networks. They provide

a strong basis for continued research into control mechanisms, optimization techniques,

and improvements in service reliability.

2.2 Learning-Based Control and Optimization

The increasing complexity and dynamic nature of HAPS deployments have prompted the

use of intelligent algorithms to improve network performance through adaptive config-

uration and control. Traditional rule-based mechanisms are often insufficient to handle

real-time variability in user distribution, mobility, and channel conditions. As a result,

learning-based and bio-inspired optimization techniques have been explored to enable

responsive and data-driven decision-making in HAPS networks [121, 122].

Machine learning approaches such as reinforcement learning have shown significant

promise in HAPS resource management. These methods enable autonomous decision-

making under partial observability and limited feedback, making them suitable for sce-

narios involving high-latency backhaul links and unpredictable atmospheric dynamics.

Survey studies have detailed a wide range of reinforcement learning applications in wire-

less communications, including user association, spectrum access, and energy-efficient

routing [121]. These approaches are particularly applicable to airborne and non-terrestrial

platforms where centralized control may be infeasible.

In the context of HAPS, reinforcement learning has been applied to dynamic spectrum

access and channel allocation to improve spectrum utilization without explicit coordina-

tion. For instance, two-stage learning frameworks have been introduced that combine

temporal-difference updates with replay memory to stabilize policy learning and improve
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convergence [123, 124]. These algorithms allow individual nodes to independently se-

lect transmission slots or channels based on observed interference and historical success,

leading to more distributed and collision-resilient communication strategies.

Beyond channel access, reinforcement learning has also been explored for intelligent

access network selection and RAT switching in environments where multiple connectivity

options are available. In such cases, agents are trained to dynamically choose the most

suitable link or access node based on performance metrics such as signal quality, con-

gestion, and energy consumption [125]. These methods reduce the need for centralized

signaling and offer adaptability in heterogeneous and time-varying network conditions.

Metaheuristic optimization techniques, including swarm intelligence and evolution-

ary algorithms, have been widely applied to support decentralized resource allocation and

channel management in HAPS networks. PSO has been used to address access point

selection and beamforming challenges in multi-user environments, demonstrating strong

convergence properties and robustness to changing network topologies [126]. Similarly,

reinforcement learning variants have been combined with swarm-based methods to op-

timize channel allocation under dynamic traffic loads and limited coordination, enabling

scalable and fair spectrum distribution among aerial nodes [127].

In addition to online learning and metaheuristic methods, lightweight embedded learn-

ing models have been proposed to enable local intelligence within resource-constrained

HAPS or UAV nodes. Such models leverage real-time sensor data to perform localized

decision-making with minimal computational overhead, supporting delay-sensitive and

autonomous operations in edge-based HAPS architectures [128]. This direction opens up

possibilities for fully distributed network control without dependence on constant ground

communication.

Task and resource allocation in HAPS-supported edge computing systems have also

benefited from intelligent control frameworks. Federated learning has been proposed to

manage computation and communication trade-offs while preserving data privacy across

distributed airborne nodes [129]. These frameworks enable collaborative model training

among HAPS, UAVs, and user terminals without the need for raw data exchange, which is
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especially valuable in privacy-sensitive applications such as vehicular networks or remote

healthcare services.

Multi-agent learning approaches have been introduced to optimize hierarchical con-

trol tasks such as user offloading, service migration, and energy balancing. For instance,

Stackelberg game formulations combined with reinforcement learning allow leader–follower

dynamics between aerial platforms and users to be modeled effectively under bandwidth

and power constraints [130]. These techniques achieve near-optimal allocation outcomes

in real time while accounting for user demand heterogeneity and system-level objectives.

Collectively, these intelligent control strategies demonstrate the growing importance

of adaptive algorithms in managing the complexity of modern HAPS networks. By en-

abling decentralized optimization, situational awareness, and learning-driven adaptation,

these techniques provide a foundation for scalable and autonomous aerial communication

systems capable of supporting diverse and evolving service requirements [122].

2.3 Antenna Design and Beamforming Strategies

Antenna beamforming and cell configuration have become central topics in the design

of HAPS-based wireless systems due to their direct impact on user throughput, signal

quality, and overall system capacity. As HAPS platforms typically serve wide coverage

areas with constrained onboard resources, effective management of directional antenna

beams is essential for maintaining consistent link performance and minimizing interfer-

ence. Early studies have proposed static and semi-dynamic beam configurations based on

phased array antennas to extend service coverage while preserving carrier-to-interference-

plus-noise ratio (CINR) at the cell edges [131,132]. Analytical evaluations of multi-HAP

deployments have shown that optimizing parameters such as beamwidth, pointing off-

set, and HAP spacing radius can significantly enhance coverage uniformity and reduce

inter-cell interference [132, 133].

To further improve spectral efficiency and link reliability, several works have investi-

gated advanced antenna array architectures, including concentric circular and distributed
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subarray structures. These designs support narrow beamwidths and spatial diversity, en-

abling flexible control of signal patterns and directional gains [133, 134]. Diversity anal-

ysis in massive MIMO HAPS scenarios confirms that distributed antennas offer superior

performance in fading environments, particularly when supporting multiple users or au-

tonomous aerial coordination [134]. Complementary efforts have also explored the use of

statistical channel properties to guide user grouping and outer beamformer design, result-

ing in reduced computational complexity and improved beam allocation strategies [135].

More recent studies have combined antenna optimization with system-level clustering

or beam coordination to address performance bottlenecks caused by uneven user distri-

bution. For example, clustering-assisted joint transmission schemes have been applied

to mitigate cell-edge degradation and improve spectral utilization in densely populated

coverage zones [131, 135]. These methods typically integrate phased array control with

user-aware beam design to adaptively reconfigure beam directions and bandwidth alloca-

tions based on real-time user clustering.

In addition to system-level modeling, numerous studies have applied global optimiza-

tion techniques to refine beam parameters and improve throughput in multi-cell HAPS

configurations. PSO and GA have been employed to adjust beam direction and beamwidth

in response to non-uniform user distributions, showing notable improvements in fair-

ness and coverage quality across large service areas [72, 73]. To reduce the complex-

ity inherent in large search spaces, enhanced optimization frameworks have introduced

decomposition-based strategies and search space refinement, enabling more efficient pa-

rameter tuning without compromising system-level performance [74]. These approaches

are especially relevant when balancing computational feasibility with the need for spatial

adaptability in wide-area antenna deployments.

As the scale and dynamism of HAPS systems increase, learning-based methods have

gained attention for their potential to support real-time beam adaptation under varying

network conditions. Reinforcement learning and fuzzy logic frameworks have been ap-

plied to control key antenna parameters, such as tilt and beamwidth, enabling adaptive

responses to platform motion and fluctuating user demand [75, 76]. These approaches
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aim to reduce the proportion of underserved users while maintaining overall throughput,

particularly in scenarios affected by HAPS drift or rotation. Recent developments further

incorporate multi-agent structures and state abstraction techniques to improve scalability

and learning stability in large multi-cell configurations [76, 77].

Hybrid frameworks that combine clustering with learning algorithms have also been

introduced to improve decision granularity and reduce computational overhead. By lever-

aging user distribution patterns through clustering mechanisms, these methods enable

more targeted beam control and enhance throughput for edge users without requiring ex-

haustive feedback or full channel knowledge [78, 80]. Such combinations of spatial pre-

processing and learning-based adjustment reflect a broader trend toward modular, data-

driven optimization schemes that can generalize across user environments.

Another line of research has focused on ensuring fairness and service continuity across

all users, especially under complex spatial distributions and platform dynamics. Several

methods have introduced objective functions that balance throughput maximization with

equitable user experience, often by assigning greater importance to underserved or low-

throughput users during optimization [73,77,78]. These strategies are particularly relevant

in urban or post-disaster contexts where user density and priority can vary significantly

across regions. Incorporating fairness into beam configuration enhances overall network

utility and supports more resilient service delivery.

Meanwhile, neural network–based models have been proposed to approximate beam

optimization outcomes with lower computational overhead. These methods are typically

trained using solutions from iterative algorithms and are capable of providing near-instant

predictions once deployed [81, 82]. Techniques such as classifier chaining and ensemble

modeling have been adopted to address dependencies among antenna parameters across

multiple cells, improving accuracy and constraint satisfaction. These learning-based pre-

dictors offer a scalable alternative to search-based approaches and are particularly useful

for supporting real-time decision-making in large-scale systems.

Complementary work has examined the role of cell geometry and hierarchical archi-

tectures in supporting large-scale HAPS deployments. Directional beam-pointing schemes
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and tessellated cell designs have been proposed to enhance coverage uniformity and re-

duce interference, particularly in wide-area or irregular terrain environments [70, 71].

These approaches are often evaluated using practical deployment constraints such as plat-

form spacing, cell overlap, and elevation-dependent gain variation. Multi-tier architec-

tures and coordinated beam reuse schemes have also been shown to improve throughput

and fairness in edge regions while minimizing inter-cell conflicts [136, 137].

In parallel, advanced modeling frameworks have incorporated traffic demand and in-

terference dynamics into beam control strategies. Efficiency evaluations based on game-

theoretic formulations and AI-assisted scheduling have been developed to account for

mutual interference and delay constraints, leading to more responsive and application-

aware HAPS systems [138]. Attention has also been given to integrating user selection

and actor–critic reinforcement learning for highly mobile scenarios, enabling beamform-

ing strategies that adapt to vehicular traffic and dynamic IoT environments [79].

Together, these works highlight a wide range of algorithmic and learning-based tech-

niques that support the evolving requirements of HAPS networks. From improving edge-

user throughput to enabling fast and reliable multi-beam coordination, the ongoing devel-

opment of antenna and beamforming strategies continues to play a central role in enhanc-

ing the performance of HAPS as a flexible and scalable network platform. The key themes

and representative studies discussed throughout this chapter are concisely summarized in

Table 2.1.
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Table 2.1
Summary of the related work.

Network architecture
and system capabilities

• System deployment, coverage extension, and integration with
terrestrial and satellite networks [83–93, 101, 102].

• Mobility support and seamless handover in dynamic HAPS
environments [94–100].

• Resource and spectrum management including waveform de-
sign and RRM/CAC strategies [86, 103–114].

• Robust connectivity and edge computing through hybrid ar-
chitectures and UAV/HAPS cooperation [93, 115–119].

• Initial applications of AI for adaptive resource control and
decision-making [119, 120].

Learning-based control
and optimization

• Reinforcement learning for adaptive control in dynamic and
uncertain environments [121–125].

• Hybrid learning and optimization approaches including
swarm intelligence and metaheuristics [126, 127].

• Collaborative and lightweight learning frameworks for dis-
tributed HAPS operations [128–130].

Antenna design and
beamforming strategies

• Beam configuration and phased array design for wide-area
and high-throughput coverage [131–135].

• Optimization-based and heuristic methods for beam parame-
ter tuning [72–74].

• Learning-driven beam control with clustering and fairness en-
hancements [73, 75–80].

• Neural network models for fast beamforming prediction and
real-time operation [81, 82].

• Architectural strategies for scalable coverage and interfer-
ence management [70, 71, 136–138].
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Chapter 3

System Model
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Figure 3.1. Illustration of the HAPS-enabled cellular networks.

3.1 HAPS Model

The HAPS cellular model developed in [59] serves as the foundation for our study. This

model provides a comprehensive and well-established framework for conducting HAPS

simulations, and it is designed to closely adhere to the International Telecommunication

Union Radiocommunication Sector (ITU-R) recommendations [139]. By following this

framework, we ensure that our simulations incorporate all essential parameters and con-

siderations necessary for producing realistic and reliable results. An illustration of the

HAPS-enabled cellular networks is shown in Fig. 3.1.

In this dissertation, we adopt this foundational model and specify a set of key system

parameters to accurately characterize the HAPS environment. Specifically, the HAPS

system is defined with a transmission power of 43 dBm per cell, which provides sufficient
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Table 3.1. HAPS model parameters.

Parameter Value

Service link transmission frequency 2 GHz

Transmission power 43 dBm/cell

Bandwidth 18 MHz

Propagation Free space path loss

UE antenna gain -3 dBi

UE noise figure 5 dB

radiated energy for service coverage. The service link transmission frequency is set to

2 GHz, reflecting a practical operational band for HAPS communications, while a band-

width of 18 MHz is allocated for data transmission. We assume free space path loss in

the propagation model, taking advantage of the LoS conditions that are characteristic of

HAPS deployments at stratospheric altitudes.

To further ensure the realism of our simulation environment, device-level parameters

for UEs are included in the model. The UE antenna gain is set at -3 dBi, and the UE noise

figure is specified as 5 dB. These values are chosen to reflect commonly encountered

device specifications and to provide a fair evaluation of signal quality under practical

operating conditions [140, 141]. All of the system parameters used in our simulations are

summarized in Table 3.1.

Within this framework, the DL SINR at the receiver, denoted as γSINR, is a critical met-

ric for assessing the quality of the received signal. The SINR can be directly calculated

based on the specified HAPS system parameters and the spatial configuration of the net-

work. Once the DL SINR is determined, it is then possible to compute the UE throughput,

which serves as a fundamental metric for evaluating the effectiveness of any proposed op-

timization algorithm. Throughput calculations based on SINR allow for a comprehensive

performance assessment of the HAPS system, supporting detailed comparisons between
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different optimization methods under consistent and realistic simulation conditions. No-

tably, based on this system model, we only focus on the optimization problem regarding

spatial domain cell configuration. Further channel allocation is not considered in the

scope of this work.

3.2 Antenna Beamforming Model

In this dissertation, we consider a beamforming model that utilizes a cylindrical phased

array antenna, as originally proposed in [142]. The cylindrical phased array configuration

is adopted for its suitability in supporting multi-cell coverage within HAPS systems. In

order to implement effective beamforming, a weighting matrix for the antenna elements

is required. This model specifically simplifies the beamforming process for the context

of simulating multi-cell HAPS configurations, making it tractable for optimization and

system-level evaluation.

The beamforming model is characterized by four principal antenna pattern parame-

ters for each beam, which serve as the essential degrees of freedom in the design. These

parameters are carefully selected to enable precise control over the shape and direction

of each beam. The collective values of the four parameters for each beam are used to

define the antenna weighting matrix, which is responsible for generating the desired radi-

ation pattern. By reducing the optimization task to these four key parameters, the model

significantly narrows the search space for the optimization algorithm, which in turn low-

ers computational complexity and expedites convergence toward optimal or near-optimal

solutions.

The validity of this approach has been supported through experimental evaluations,

which have demonstrated that the beam patterns generated by this model closely align

with the measured results of actual cylindrical phased array antennas [143]. Although

the model does not fully encapsulate every detail and complexity of real-world beam-

forming, it is considered a reasonable and practical approximation of the relevant antenna

characteristics required for system-level simulation and optimization.
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Figure 3.2. Illustration of the four antenna pattern parameters, where h is the altitude of HAPS.

The four key parameters in this model are as follows: the vertical direction angle θdir,

the horizontal direction angle ϕdir, the vertical half-power beamwidth θ3dB, and the hor-

izontal half-power beamwidth ϕ3dB. These parameters collectively determine the orien-

tation, shape, and spatial selectivity of each beam, thereby facilitating targeted coverage

and enhanced performance. The configuration and relationship of these parameters are

illustrated in Fig. 3.2.

In practical HAPS deployments, the achievable ranges of these four parameters are

constrained by the physical and design limitations that are inherently associated with the

chosen cylindrical phased array antenna configuration. However, for the purpose of carry-

ing out a thorough, in-depth algorithmic analysis, and also to avoid the risk of restricting

33



Table 3.2. Antenna pattern parameters.

Parameter Range

Vertical direction angle 0◦ < θdir < 90◦

Horizontal direction angle 0◦ < ϕdir < 360◦

Vertical half-power beamwidth 0◦ < θ3dB < 180◦

Horizontal half-power beamwidth 0◦ < ϕ3dB < 360◦

or narrowing the scope of the optimization process, this dissertation adopts the maximum

theoretical ranges defined in the model. These theoretical ranges provide a comprehensive

basis for evaluating the flexibility, robustness, and overall performance of the proposed

optimization algorithm in various scenarios. All relevant parameter ranges and associ-

ated values are summarized in Table 3.2. Similar to the parameter ranges, the maximum

number of beams can be formed are also limited by the cylindrical phased array antenna.

In this dissertation, we also assume that the number of cells to be configured is decided

before the optimization process.

Modified from the ITU-R recommendations [139], the antenna gain as a function of

the angular offset Ψ is defined in a piecewise form given by:

G(Ψ) =



−3
(
Ψ
Ψb

)2
, 0 ≤ Ψ ≤ Ψ1

LN , Ψ1 < Ψ ≤ Ψ2

X − A log10(Ψ), Ψ2 < Ψ ≤ Ψ3

LF , Ψ3 < Ψ

(3.1)

where Ψb represents half of the 3dB beamwidth, Ψ1 = Ψb
√
−LN/3, Ψ2 = 3.745Ψb, Ψ3 =

10(X−LF )/A, and X = LN + A log10(Ψ2). The near-in side-lobe level LN and far-out side-lobe

level LF are specified as -20 dB and -30 dB, respectively, and the constant A are set to 20.
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Figure 3.3. Antenna pattern of vertical or horizontal polarization for θ3dB = 20◦ and ϕ3dB = 20◦.

For each polarization component, the gain pattern is computed using Eq. (3.1). The

combined antenna gain is then expressed as:

G = max(Gv +Gh, LF) +Gp, (3.2)

where Gv and Gh are the vertical and horizontal gains, respectively, and Gp denotes the

peak gain. Based on the beamwidths in the elevation and azimuth planes, the peak gain

Gp is defined as:

Gp = 10 log10

(
802

θ3dBϕ3dB

)
+ 6. (3.3)

This formula corresponds to an ideal antenna with a peak gain of 6 dBi and a beamwidth

of 80◦ in both planes. An example for the antenna pattern of vertical or horizontal polar-

ization for θ3dB = 20◦ and ϕ3dB = 20◦ is shown in Fig. 3.3.
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Chapter 4

A Clustering-Aided Optimization

Algorithm for Antenna Beamforming in

Multi-Cell HAPS Systems
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4.1 Contributions

In this chapter, we present a comprehensive optimization framework to address the techni-

cal challenges identified in dynamic beamforming for multi-cell HAPS systems. Specif-

ically, we introduce a solution that integrates a clustering-aided PSO algorithm with a

regulated K-means clustering approach. The motivation for this framework is rooted

in the need to systematically and efficiently improve throughput performance for user

distributions that are often highly non-uniform and time-varying in realistic deployment

scenarios.

Our methodology begins by formulating the cell configuration problem as an explicit

optimization task. We define an objective function that mathematically characterizes the

goal of improving throughput performance for HAPS, providing a clear and rigorous

foundation for the optimization process. To solve this optimization problem, we employ

PSO, leveraging its well-established advantages in terms of convergence speed, moderate

computational complexity, and proven ability to search for global optimal solutions in

high-dimensional spaces.

As an initial step, UEs are grouped into clusters according to the number of cells

required in the HAPS system. These clusters serve as the critical foundation for deriving

appropriate mathematical formulas that are used to redefine the search boundaries for

each antenna pattern parameter. This redefinition of the search space directly reduces

the dimensionality and complexity of the PSO search, while simultaneously improving

the algorithm’s capacity to find global optima. The carefully redefined search range is

essential for reducing the risk of the optimization algorithm becoming trapped in local

optima, all while maintaining sufficient flexibility for effective global optimization.

A key element of our framework is the selection and adaptation of the K-means clus-

tering algorithm. K-means is considered highly suitable for our problem, given its ef-

ficiency in handling two-dimensional data and its low computational overhead. How-

ever, conventional K-means clustering, which partitions objects solely based on geometric

proximity without considering the size of each cluster, can result in significant imbalance.
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Such imbalances can be detrimental to the subsequent PSO optimization, as uneven clus-

ters often yield suboptimal solutions and cause throughput degradation for a significant

number of UEs.

To address this challenge, we introduce a regulated K-means algorithm that extends

the classical approach by modifying the centroid updating rule to consider the evenness

of cluster sizes. This regulated approach adaptively adjusts centroids so that clusters con-

verge to more balanced sizes, thereby ensuring a fairer distribution of UEs across the cells.

By incorporating this regulated mechanism, our method maintains the inherent low time

complexity of standard K-means while substantially improving the initialization process

for PSO, which in turn leads to a more effective and reliable optimization outcome. As a

result, our framework not only enhances the average throughput experienced by UEs but

also ensures a more balanced throughput distribution across the entire coverage area.

The effectiveness and practical value of our proposed framework are thoroughly eval-

uated through extensive simulations utilizing realistic UE distributions collected from var-

ious cities. The results from these simulations demonstrate that our regulated K-means-

aided PSO algorithm consistently outperforms existing state-of-the-art methods, both in

terms of achieving solutions closer to the global optimum and in reducing the occurrence

of low throughput UEs. In addition, the approach delivers a significant improvement in

the overall throughput performance of HAPS systems.

The main contributions of this chapter are summarized as follows:

• We propose a clustering-aided PSO algorithm to optimize the multi-cell configura-

tion for HAPS, which effectively reduces the number of low throughput UEs, pro-

vides a more balanced throughput distribution, and thereby improves the throughput

performance of HAPS systems.

• We derive search range redefinition formulas that convert UE distribution clustering

information into the desired antenna parameter search range, reducing the computa-

tional complexity while improving the ability to find the globally optimal solution.
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• We propose a novel regulated K-means algorithm that addresses the imbalanced

clustering issue caused by conventional K-means, leading to more precise search

range redefinition that enhances the ability to achieve global optimization.

4.2 Limitations of Existing Work

The optimization of multi-cell configuration based on UE distribution for HAPS systems

is recognized as an NP-hard problem, presenting considerable challenges in finding an

efficient solution. There are multiple previous studies that explore relevant approaches

[70, 71, 73, 75, 76, 80, 144–148].

A beam-pointing algorithm proposed for HAPS ensures contiguous coverage over

extended service areas, which leads to improved CINR for UEs by managing cell over-

lap [70]. Another study proposes a two-tier HAPS cellular architecture that is specifically

designed to improve coverage and capacity by addressing inter-cell interference and un-

even cell loading, particularly at the edge of coverage [71]. In addition, [72] presents

a beamforming technique that utilizes concentric circular antenna arrays optimized by

a comprehensive learning particle swarm optimizer (CLPSO) to reduce side-lobe lev-

els (SLL) and enhance carrier-to-interference ratio (CIR) in HAPS systems. While these

methods focus primarily on minimizing interference between adjacent cells, they fall short

in addressing the challenges associated with HAPS movement and the dynamic distribu-

tion of UEs.

In terrestrial networks, the literature also demonstrates active research on dynamic

beamforming optimization. A novel deep reinforcement learning algorithm has been de-

veloped for online antenna tuning, optimizing both the tilt angle and beamwidths to max-

imize the weighted sum-rate of UEs in heterogeneous networks (HetNets) [149]. Fur-

thermore, a deep reinforcement learning framework has been designed to autonomously

optimize MIMO broadcast beams based on user distribution, dynamically adjusting beam

patterns to enhance coverage and network performance [150]. In the context of HAPS

systems, reinforcement learning-based approaches have also been developed to optimize
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beam control. For instance, fuzzy Q-learning is applied to dynamically control beam pa-

rameters in multi-cell configuration, which helps improve signal power and reduce the

number of low throughput UEs by adjusting antenna settings based on received power

thresholds [75]. Building on this approach, a deep Q-network (DQN)-based method has

been proposed to further improve throughput by modeling the problem as a stochastic

game equilibrium, thereby reducing the complexity of interactions among agents and

achieving high convergence rates [76].

However, the proposed reinforcement learning-based methods rely on continuous learn-

ing processes to find the optimal solution for the current coverage area and UE distribu-

tion, which can result in high time complexity. This reliance on ongoing learning makes

it difficult to meet the need for frequent updates at small time intervals to quickly respond

to changes in the environment. Additionally, the performance of these methods is highly

dependent on the design of effective reward functions, a task that is often challenging.

While the proposed methods have successfully improved throughput with their designed

reward functions, it is uncertain whether the solution they provide is optimal for various

UE distributions or if there remains potential for further improvement.

In satellite-terrestrial integrated networks (STIN), a hybrid analog-digital beamform-

ing approach has been proposed to maximize the secrecy-energy efficiency (SEE) under

imperfect CSI by formulating and solving a constrained optimization problem [144]. In

HAPS systems, a two-step GA-based approach is proposed to address the challenges of

dynamic cell optimization, enabling optimization based on a designed objective func-

tion [73]. This objective function mathematically represents the throughput performance

goal, accounting for UE distribution. However, the effectiveness of this method in finding

the optimal solution is limited. Although it employs a co-evolutionary method to enhance

the optimization process, this approach cannot consider all parameters simultaneously,

leading to residual interference that cannot be fully mitigated during convergence. Fur-

thermore, the co-evolutionary method, which optimizes different groups of parameters in

successive iterations, increases the number of iterations and thus raises the time complex-

ity.
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Research beyond HAPS systems demonstrates that carefully eliminating redundant

solution representations in GA can enhance both computational efficiency and solution

quality [145]. In cellular networks, reducing the search range of antenna azimuth and tilt

through solution space restructuring is shown to improve coverage optimization perfor-

mance and accelerate convergence, where GA benefits from avoiding redundant parame-

ter exploration [146].

In MIMO-based HAPS systems, K-means clustering is applied for user grouping

based on measurable slow-varying channel parameters, which enhances beamforming

while reducing CSI feedback overhead and computational complexity [147]. An extended

approach for massive MIMO further improves beamforming by grouping users based on

the chordal distance between statistical-eigenmodes, avoiding the complexity of singular

value decomposition [148].

A K-means-based method is also proposed for multi-cell HAPS systems, which ben-

efits from very low time complexity due to its reliance on straightforward geometric cal-

culations [80]. It applies K-means clustering along with a fixed geometric formula to

transform clustering information into cell configuration. However, this method does not

incorporate throughput information in the optimization process and hence cannot address

inter-cell interference issues, resulting in degraded throughput performance and relatively

inferior cell configuration. Moreover, K-means clustering can lead to imbalanced cell

sizes, where some cells cover significantly more UEs than others, which further prevents

the even distribution of throughput among all UEs.

4.3 Objective Function

In proposing a meta-heuristic optimization-based approach for multi-cell HAPS config-

uration, it is essential to design an objective function that effectively addresses our un-

derlying goal. The objective function serves as the mathematical foundation that directs

the optimizer toward achieving an optimal cell configuration, ensuring that the antenna

parameters selected in each iteration are evaluated against a rigorously defined criterion

for performance.
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To establish the objective function, we begin by defining the key variables involved

in the optimization process. Let a = [θdir, ϕdir, θ3dB, ϕ3dB] represent a four-dimensional

vector of antenna pattern parameters for a single beam, where each parameter governs an

essential aspect of the beam’s spatial orientation and coverage. The full candidate solution

for the system, denoted as A = {a1, a2, a3, . . . , aK}, is composed of K such vectors, each

corresponding to one cell in the HAPS system. The objective of the optimizer, therefore,

is to determine the optimal set A that achieves the best possible network performance

according to our defined criterion.

The optimization process relies fundamentally on the calculation of throughput for

UEs located within the HAPS coverage area. It is important to note that, in the cell

configuration problem, the only available information from UEs is their location. Using

the position of the HAPS as the origin, we construct a Cartesian coordinate system, in

which all UE locations are represented and stored within the matrix U. This coordinate-

based approach allows the system model to calculate the DL SINR for each UE, which

then enables the derivation of the achievable throughput.

Given that HAPS systems typically serve wide coverage areas, the number of UEs

in the region can be substantial. To make the optimization computationally tractable,

it is practical to sample a sufficiently large number of UEs that accurately reflects the

underlying distribution and density of the actual UE population. We denote the set of

sampled UEs as U = {u1,u2,u3, . . . ,uN}, where each u is a two-dimensional location

vector in the Cartesian plane and N is the total number of sampled UEs. By adopting this

sampling approach, we are able to maintain computational efficiency while preserving the

fidelity of network performance evaluation.

Our central objective is to maximize UE throughput while also promoting a fair and

balanced distribution of resources across all UEs. This dual objective aims to improve

the overall service quality for every UE and, in particular, to reduce the risk of network

outages for those with relatively low throughput. To realize this goal, we construct an

objective function that seeks to maximize the weighted sum of UE throughputs, assigning
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greater weight to UEs with lower throughput. This weighting mechanism is crucial for

incentivizing the optimizer to prioritize improvements for the most disadvantaged users.

Formally, the objective function is defined as follows:

min
A

N∑
n=1

swn
1

B
Nk

log2
(
1 + γSINR,n

) ,

s.t. θdir,min < θdir < θdir,max

ϕdir,min < ϕdir < ϕdir,max

θ3dB,min < θ3db < θ3dB,max

ϕ3dB,min < ϕ3db < ϕ3dB,max

(4.1)

where s denotes a scaling factor for the objective, B is the system bandwidth, Nk represents

the number of UEs in the k-th cell, and (B/Nk) log2
(
1 + γSINR,n

)
computes the throughput

for the n-th UE. The term wn ∈ (0, 1] is a normalized weight for the n-th UE, specifically

designed to emphasize lower throughput users in the optimization.

A key feature of the weighting strategy is the use of an exponential weighting function,

formally expressed as:

wn =

( n
N

)p
, (4.2)

where n = 1, 2, 3, . . . ,N is the index of the sorted UE matrix, and p ∈ [1,∞) is the expo-

nent factor. The set Ut = {ut
1,u

t
2,u

t
3, . . . ,u

t
N} denotes the UE matrix sorted in descending

order of throughput at the t-th optimization iteration. Based on this ordering, we derive

the weight vector w = [w1,w2,w3, . . . ,wN] for all UEs.

The exponent factor p is an important tuning parameter that provides flexibility in

the optimization objective. By adjusting p, we can control the balance between overall

throughput maximization and fairness. A smaller value of p results in a more uniform

weight distribution, treating all UEs similarly. In contrast, a larger p increases the em-

phasis on UEs with lower throughput by assigning them higher weights, thus directing

the optimizer to allocate more resources to the most underserved users. The exponential

weighting function is strictly monotonically increasing over the specified interval, ensur-

ing that UEs with lower throughput are consistently prioritized.
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This problem is formulated as a single-objective optimization, where the fitness score

is defined as the value obtained from the objective function. Importantly, a lower fitness

score indicates a more effective antenna parameter configuration for achieving our opti-

mization goals. To facilitate straightforward comparison between different fitness scores,

the function is constructed to minimize the sum of throughput reciprocals toward zero,

as opposed to maximizing the sum of throughput, which would be unbounded. This ap-

proach provides a clearly defined numerical target for the optimizer and maintains com-

parability across different solution sets.

The scaling factor s is introduced solely for the purpose of analytical clarity, ensuring

that the fitness score remains within a presentable range for interpretation and result anal-

ysis. Due to the properties of the exponential function, weights for low-throughput UEs

can be nearly suppressed to zero for small index values, while increasing steadily to one

for larger indices. Consequently, UEs assigned larger weights exert a greater influence

on the objective function, which effectively drives the optimizer to prioritize through-

put improvements for the lowest throughput users, sometimes at the expense of already

well-served UEs.

Overall, this objective function formulation is critical for guiding the meta-heuristic

optimizer to achieve balanced and high-performance multi-cell configurations in HAPS

systems, supporting both aggregate throughput and fairness objectives in the evaluation

of different antenna parameter solutions.

4.4 Clustering-Aided Optimization Approach

4.4.1 PSO with Clustering-Aided Parameter Range Redefinition

In our proposed method, we employ PSO as the optimizer to determine the antenna

parameters based on our designed objective function. PSO is a widely used swarm

intelligence-based meta-heuristic optimization algorithm, recognized for its efficiency in

exploring the search space and achieving high-quality solutions. Using PSO, we begin by

randomly initializing a population of particles according to the defined swarm size and
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the allowed range of each antenna parameter. Each particle in the swarm represents a

candidate solution described by A, and its fitness score is evaluated through the objective

function defined in (4.1).

At each iteration, the algorithm updates the position of each particle by assigning it

a direction and velocity, allowing the swarm to collectively explore new regions of the

solution space. The motion of each particle is governed by both its personal best fitness

score and the best fitness score discovered by any particle in the entire swarm, referred to

as the global best. Through this collaborative and iterative update process, PSO effectively

guides all particles to converge towards the optimum solution.

However, as the number of parameters to be optimized increases fourfold with the

number of cells, the dimensionality of the search space for PSO becomes extremely large

in the case of multiple cells. The challenge is further compounded by the computational

cost associated with calculating the fitness score from the antenna parameters, which in-

volves intricate and time-consuming calculations. As a result, PSO becomes increasingly

prone to getting stuck in local optima, which impedes its ability to discover the true glob-

ally optimal solution. Simply increasing the swarm size or the number of iterations does

not fundamentally resolve this issue and leads to unacceptably high computational com-

plexity, which is particularly undesirable for systems that require rapid response times.

To address this challenge, we introduce a pre-clustering step that utilizes the UE lo-

cation matrix U to infer the ranges of antenna pattern parameters. The optimal cell con-

figuration is inherently dependent on the underlying UE distribution. By incorporating

this pre-clustering step, our method allows the optimizer to initialize the search space for

each parameter with reduced and more meaningful bounds, thereby enhancing its ability

to achieve global optimization. The complete process of our approach is illustrated in Fig.

4.1.

For the pre-clustering step to be truly effective in initializing appropriate search ranges,

we propose a novel clustering algorithm based on K-means. In the context of 2-dimensional

data such as u, K-means is considered one of the fastest clustering algorithms while still

providing strong clustering performance. We leverage the computational efficiency of
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Figure 4.1. Flowchart of the complete optimization process.

K-means and adapt its updating rule to better fit the needs of our optimization problem,

resulting in a new algorithm termed regulated K-means. Like the original K-means, the

regulated K-means algorithm groups the 2-dimensional UE location data into K clusters

based on K centroids in the Cartesian plane, with the grouping performed iteratively. The

K resulting clusters can be regarded as K roughly separated cells, which are then used

to define the search range initialization for the optimization. In this section, we focus

on how our method leverages the clustering information to achieve effective search space

reduction, while the specific details of the regulated K-means algorithm are provided in

the following section.

The overall procedure of our proposed method is systematically described in Algo-

rithm 1. The key innovation in this algorithm lies in the use of conversion formulas that

redefine the parameter range for each antenna parameter to be optimized, making use of
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the clustering-derived matrices C and d. Here, C = {c1, c2, c3, . . . , cK} records the centroid

locations of clusters 1 to K, where each ck = [ck,x, ck,y] is a 2-dimensional centroid loca-

tion vector. The vector d = [d1, d2, d3, . . . , dK] contains the maximum Euclidean distance

from each centroid to any UE in its respective cluster.

Utilizing C, d, and the HAPS altitude h, we derive the formulas that redefine the

ranges of antenna pattern parameters θ3dB,k, ϕ3dB,k, θdir,k, and ϕdir,k for each beam k. These

conversion formulas, based on trigonometric relationships, are given as follows:

θ3dB,k > 0◦,

θ3dB,k < tan−1
(
∥ck∥ + dk

h

)
− tan−1

(
∥ck∥ − dk

h

)
.

ϕ3dB,k > 0◦,

ϕ3dB,k < 2 tan−1

 dk√
∥ck∥

2 + h2

 .
(4.3)

θdir,k > tan−1
(
∥ck∥

h

)
−
θ3dB,k

4
,

θdir,k < tan−1
(
∥ck∥

h

)
+
θ3dB,k

4
.

ϕdir,k > tan−1
(
ck,y

ck,x

)
−
ϕ3dB,k

4
,

ϕdir,k < tan−1
(
ck,y

ck,x

)
+
ϕ3dB,k

4
.

(4.4)

To clarify the underlying principles of the conversion formulas (4.3) and (4.4), we

provide a visual illustration in Fig. 4.2. For the half-power beamwidth parameters θ3dB,k

and ϕ3dB,k, the redefined ranges specified by (4.3) for both the vertical and horizontal com-

ponents ensure that each k-th beam can cover an area extending up to a circle of radius

dk. Fig. 4.2(a) highlights this search range, with the shaded area indicating the allowable

beamwidth for an example beam. Through this approach, we achieve a significant reduc-

tion in the search range while still guaranteeing that all UEs within a cluster are covered

by the beam.

Moreover, this strategy is robust to clusters with irregular shapes. The beamwidth

range is chosen to be large enough to jointly cover the edge regions of adjacent cells,
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Algorithm 1 Clustering-Aided PSO Algorithm for Multi-Cell Antenna Pattern Optimiza-
tion
Input: U,K, P,T, c1, c2,wmin,wmax,Vmax, r1, r2

Output: A = {a1, a2, a3, . . . , aK}

1: Group UEs U into K clusters
2: return cluster centroids C and maximum distance d
3: Redefine search range for each antenna parameter using C,d based on (4.3) and (4.4)
4: for i = 1 to P do
5: for j = 1 to 4K do
6: Initialize swarm position xi, j with random uniform value in [lb j, ub j] defined by

search range
7: Initialize velocity vi, j with zero
8: end for
9: end for

10: for t = 1 to T do
11: for i = 1 to P do
12: Clamp xi to ensure xi, j ∈ [lb j, ub j]
13: Evaluate fitness f (xi) using objective function defined in (4.1)
14: if f (xi) < f (pbesti) then
15: pbesti ← xi

16: end if
17: if f (xi) < f (gbest) then
18: gbest← xi

19: end if
20: end for
21: Update inertia weight w← wmax −

t(wmax−wmin)
T

22: for i = 1 to P do
23: for j = 1 to 4K do
24: Generate random factors r1, r2 ∼ U(0, 1)
25: vi, j ← wvi, j + c1r1(pbesti, j − xi, j)

+ c2r2(gbest j − xi, j)
26: Clamp vi, j to [−Vmax,Vmax]
27: xi, j ← xi, j + vi, j

28: end for
29: end for
30: end for
31: return a1, a2, a3, . . . , aK from gbest

49



thus enabling the algorithm to optimize cell boundaries more flexibly, reduce inter-cell

interference, and minimize the number of UEs positioned at the edge of each cell. This

definition ensures that the reduced search space encompasses the maximum meaningful

range after pre-clustering.

It is equally important to properly adjust the beam direction angles θdir,k and ϕdir,k.

While the cluster centroid provides a good indication of the rough center of each beam,

further refinement is necessary. Therefore, the optimizer is allowed a degree of freedom

to search for the optimal beam direction within the bounds defined by (4.4), which are

determined by the centroid locations. In Fig. 4.2(b), the shaded region represents the

allowable search range for the beam direction of an example beam. By permitting the

center of the k-th beam to shift up to dk/2 away from the centroid both horizontally and

vertically, the model accounts for the possibility that, in the worst case, the centroid is

located at the edge of the cluster. In this way, the direction search range is maximized

while still retaining relevance to the cluster structure.

To further illustrate the search space reduction, let the vector

xi = [xi,1, xi,2, xi,3, . . . , xi,4K] ∈ R4K

denote the swarm position of the i-th particle in the PSO algorithm, where i = 1, 2, 3, . . . , P.

This vector maps to the flattened form of A with a dimension of 4K, representing the exact

data structure of a candidate set of antenna parameters for K beams during optimization.

Each element xi, j in xi corresponds to one of the beam parameters θdir,k, ϕdir,k, θ3dB,k, or

ϕ3dB,k.

Without additional information, each xi, j originally lies within the theoretical range

xi, j ∈ (xi, j,min, xi, j,max),

which corresponds to the full search space defined by the parameter ranges in Table 3.2.

This full search space enables each beam to search across the entire coverage area geospa-

tially.
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(a)

(b)

Figure 4.2. Illustration of the clustering-aided parameter range redefinition, where O is the location
of HAPS, C1, C2, C3 are the cluster centroids, d1 is the maximum distance from centroid to UEs
in cluster 1, and C′1 is a candidate beam direction for beam 1. (a) Beamwidth search range (shaded
area). (b) Direction angle search range (shaded area).
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However, with our proposed method, the search range for each parameter is redefined

as

xi, j ∈
(
x′i, j,min, x

′
i, j,max

)
using the clustering-aided algorithm. By leveraging geospatial information, our method

divides the coverage area into K subareas, each corresponding to one beam. As illustrated

in Fig. 4.2, each subarea is smaller than the full coverage area, restricting the beam

direction θdir,k, ϕdir,k and beamwidth θ3dB,k, ϕ3dB,k to narrow ranges compared with their

original bounds. For the k-th beam, the redefined search ranges eliminate the redundant

search areas that belong to the subareas of the other beams.

As a result, the new search space for all K beams becomes a subset of the original

search space, expressed as

S′ ⊂ S,

where

S =

4K∏
j=1

(xi, j,min, xi, j,max),

S′ =

4K∏
j=1

(x′i, j,min, x
′
i, j,max).

This new search space reduces the number of potential candidate solutions that need to be

explored, transforming the search from a broad, unstructured domain to multiple localized

and well-defined subdomains.

Overall, our proposed algorithm achieves an effective balance between search space

reduction and solution flexibility, substantially improving the ability of PSO to find the

globally optimal solution with lower computational complexity. The search space is nar-

rowed in a principled manner, such that it remains large enough for effective optimization

but is targeted enough to reduce the risk of getting stuck in local optima.

Finally, the PSO algorithm is configured with the following standard settings: swarm

size P, iteration number T , cognitive parameter c1, social parameter c2, minimum inertia

weight wmin, maximum inertia weight wmax, maximum velocity Vmax, and random factors

r1 and r2. These settings ensure both sufficient diversity and convergence properties in the
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search, supporting the robust determination of antenna parameters for multi-cell HAPS

optimization.

4.4.2 Regulated K-means Algorithm

To explain the proposed regulated K-means algorithm, it is essential to first identify the

insufficiency of the conventional K-means algorithm in addressing our problem. In cell

optimization, one of the most important objectives is to reduce inter-cell interference,

which plays a significant role in maintaining network performance and service quality.

Nevertheless, since UEs share the same frequency within each cell, distributing a similar

number of UEs to each cell is also crucial for improving UE throughput and maximizing

overall efficiency. Achieving such distribution enables more balanced resource allocation,

which helps prevent network congestion in any particular cell and leads to enhanced fair-

ness among users. When reducing the search range by pre-clustering, a balance between

these two objectives, interference minimization and user balance, needs to be found to

maintain the potential to reach the global optimum within the reduced search space. Fail-

ure to do so may result in suboptimal performance, making the design of the clustering

step particularly important for the overall optimization framework.

By minimizing the within-cluster sum of squares (WCSS), K-means ensures that clus-

ters are as compact and as distinct from one another as possible. The objective function

of K-means clustering can be expressed as

min
c1,...,cK

K∑
k=1

N∑
n=1

∥u(k)
n − ck∥

2,

where u(k)
n denotes the object, corresponding to the UE in our problem, that belongs to

the k-th cluster. This mathematical formulation shows that the clustering process focuses

on minimizing the spread of points within each cluster, which promotes the formation of

spatially compact groupings.

The initialization performed by K-means pre-clustering increases the likelihood of in-

terference reduction due to the proximity of users within each cluster. However, it does not
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account for the effect of cluster size, which can result in certain clusters containing many

more UEs than others. Such imbalance is problematic in wireless systems, as overloaded

clusters can experience higher interference and resource contention, while underloaded

clusters may not utilize their allocated resources efficiently.

As K-means is considered naturally suitable for balanced clustering with a given num-

ber of clusters, conventional algorithms have been developed based on K-means to ex-

plicitly address cluster size imbalance. These algorithms enforce cluster size balance by

modifying the assignment step in K-means while keeping the centroid update step un-

changed. The main goal is to achieve clusters that are not only compact but also uniform

in size, which helps ensure more even distribution of throughput across all users. Ad-

dressing cluster size balance is essential for systems like HAPS, where user distribution

can be highly variable and dynamic.

The constrained K-means algorithm formulates the clustering problem as a constrained

optimization and solves it to complete the assignment step, where each cluster is required

to satisfy a predefined size [151]. However, the method requires manually predefining

the cluster size, which limits its adaptability across UE distributions with varying char-

acteristics. This requirement for explicit cluster size specification introduces inflexibility,

making the method less suitable for practical situations where user density and spatial

patterns can change rapidly or unpredictably. Furthermore, its theoretical computational

complexity is O(K3.5N3.5), which is significantly higher than that of K-means, failing to

meet our requirement for low complexity. High computational complexity makes real-

time optimization impractical and increases the computational burden for large-scale de-

ployments.

Another algorithm, known as balanced K-means, replaces the assignment step in K-

means with a linear assignment problem, enforcing strictly equal-size clusters [152].

Similar to the constrained K-means algorithm, the strict equal-size clustering also fails

to provide well-suited initialization for the optimization step across varying UE distri-

butions. More importantly, because this method solves the linear assignment problem

without considering the spatial contiguity of clusters, each cluster can be split apart and
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wrapped around others. This lack of spatial integrity leads to configurations where some

clusters are fragmented or disconnected, which is not desirable for beamforming and cell

coverage planning. This makes the algorithm inapplicable to our problem, as we need

the pre-clustering step to robustly provide meaningful spatial information for initializing

the optimizer. Moreover, the complexity of balanced K-means is O(N3), which is also

much higher than that of K-means, further contributing to its impracticality for scenarios

requiring fast computation or frequent updates. In summary, while both constrained and

balanced K-means attempt to address cluster size, they introduce new issues related to

flexibility, spatial structure, and computational cost.

In contrast, the minmax K-means algorithm provides an adaptive approach to balanc-

ing cluster size, while keeping the overall computational complexity the same as that of

K-means. This method adds dynamically updated weights to the original K-means ob-

jective function, adjusting the assignment by penalizing clusters with larger intra-cluster

variance [153]. The introduction of adaptive weighting enables some responsiveness to

imbalance, but it comes at the cost of stability. Nevertheless, the method is highly sensi-

tive to initialization and weight updating, which in some cases can result in low-quality

clustering outcomes that are even worse than those produced by the conventional K-means

algorithm. In particular, poor initialization or suboptimal adjustment schedules can cause

the algorithm to converge to inferior local minima, limiting its reliability for robust HAPS

cell configuration.

To address these problems and provide effective cluster information for initializing the

optimizer, we propose a novel balanced clustering algorithm named regulated K-means.

At each iteration, the algorithm allows extra movement of objects from oversized clus-

ters to adjacent undersized clusters, resulting in a more balanced set of clusters than that

produced by K-means, as illustrated in Fig. 4.3. This movement is performed accord-

ing to spatial proximity, ensuring that UEs are only transferred to clusters in which they

are reasonably located. The algorithm adaptively balances the trade-off between WCSS

and cluster size while preserving the spatial contiguity of clusters, grouping UEs into

appropriate clusters with computational complexity similar to the conventional K-means
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(a)

(b)

Figure 4.3. Illustration of the proposed clustering algorithm, where C is the cluster centroid and d
is the maximum distance from centroid to objects. (a) K-means clustering results. (b) Regulated
K-means clustering results.

algorithm. In other words, our approach strives to achieve the dual goals of compact,

contiguous, and balanced clusters, without introducing prohibitive computation or frag-

mentation.

Therefore, our proposed regulated K-means pre-clustering can guide PSO to initial-

ize parameters with a stronger ability to converge to the global optimum than conven-

tional methods. By achieving more balanced and spatially meaningful clusters at the

pre-clustering step, the search space for subsequent optimization is both reduced and bet-

ter aligned with the actual requirements of multi-cell configuration, helping PSO avoid

poor local optima and converge more efficiently.
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Figure 4.4. Illustration of the complete regulated K-means algorithm iteration.

The complete iteration process of the proposed algorithm can be separated into five

steps: object assignment, candidate selection, sorting, moving, and centroid updating, as

shown in Fig. 4.4. The algorithm begins by initializing centroids, which can be performed

by K-means++. This initialization approach improves the chance of better convergence

by providing a diverse set of starting points for the iterative process. The initial step

involves calculating a standard cluster size S by dividing the total number of objects N

by the desired number of clusters K. This standard serves as a target for balancing efforts

during each subsequent iteration.

The algorithm then iterates through a process where each object is assigned to the

nearest centroid, ensuring an initial grouping. During each iteration, the algorithm eval-

uates each cluster to determine if its size is below the standard size S . If so, it identifies
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potential candidates for reallocation by calculating the Euclidean distance dc between

cluster centroids and considering objects in nearby clusters that are within this distance.

This step leverages the spatial structure of the clusters, making sure that only objects

which are suitably close are considered for movement, thereby preserving the overall ge-

ometric arrangement of the clusters.

These candidates are then sorted based on the absolute difference between their dis-

tance to the current cluster’s centroid and to the potential new cluster’s centroid. This

sorting ensures that objects are reallocated in a way that minimizes overall disruption

to the clusters’ layout. By moving the best-matched objects first, the algorithm can in-

crementally improve balance with minimal negative impact on cluster compactness. The

goal is to achieve a balance in cluster sizes while ensuring that objects are moved to where

they fit spatially, thus maintaining the cohesion and effectiveness of the clustering. Such

an approach ensures that both size and spatial proximity are considered throughout the

process, addressing the shortcomings of earlier algorithms.

Following the sorted order of candidates, a meticulous selection process is undertaken.

Objects identified for potential reallocation are moved to achieve cluster size balance, ad-

hering to two key criteria. The move must not compromise the standard cluster size S ,

and each object can be moved only once to prevent multiple reassignments. This strict en-

forcement prevents oscillations or repeated moves, which can otherwise slow down con-

vergence or degrade cluster integrity. This process continues iteratively, updating cluster

centroids after each round, until the centroids stabilize without further movement or until

a maximum number of iterations Tc is reached. This stopping rule ensures that the algo-

rithm terminates within a reasonable number of steps while still providing an opportunity

for convergence.

This regulated approach to K-means clustering ensures that clusters are not only de-

fined by the distance of objects to their centroids but also by a deliberate consideration

of cluster size uniformity, enhancing the algorithm’s applicability to scenarios where bal-

anced cluster distribution is critical. The complete proposed algorithm is illustrated in
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Algorithm 2 Regulated K-Means Clustering Algorithm
Input: U,N,K,Tc

Output: C = {c1, c2, c3, . . . , cK}

1: Initialize K cluster centroids for N objects
2: Calculate standard cluster size S = N/K
3: repeat
4: Assign each object in U to its closest centroid in C
5: for each cluster do
6: if cluster size < S then
7: Calculate dc as euclidean distance between its centroid and nearest adjacent

centroid
8: Record all objects belonging to other clusters within dc as candidates to move

in
9: end if

10: end for
11: Sort all candidate objects in ascending order according to difference between their

distance to current and destination cluster centroids
12: for each candidate in order do
13: if not yet moved and destination cluster size < S and current cluster size > S

then
14: Move to its destination cluster
15: end if
16: end for
17: Update cluster centroids C
18: until cluster centroids do not move or maximum iterations Tc are reached
19: return c1, c2, c3, . . . , cK

Algorithm 2. The use of both spatial and balancing mechanisms makes regulated K-

means particularly well-suited to HAPS optimization, where both fairness and geometric

regularity are essential.

The computational complexity of the algorithm can be determined based on K-means,

which has a linear average complexity of O(KNTc) for 2-dimensional data. For the regu-

lated K-means algorithm, the only difference from K-means lies in the sorting step, which

introduces additional computational overhead in each iteration. Therefore, the time com-

plexity is expressed as O((KN + x log x)Tc), where x is the number of candidate objects

identified for potential reallocation in each iteration, and O(x log x) accounts for the addi-

tional cost introduced by the sorting algorithm. In practice, this additional sorting cost is

usually modest, as the number of candidates is often much smaller than the total number

of UEs, and the algorithm converges in a relatively small number of steps.
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In particular, since the number of candidate objects to move is considerably less than

the total number of objects, the complexity of our proposed algorithm remains close to

that of the conventional K-means algorithm. This ensures that regulated K-means remains

practical and scalable, even as the size of the network and the number of users grow.

Finally, the total complexity of our proposed optimization algorithm is the sum of the

complexities of regulated K-means and PSO, expressed as O((KN + x log x)Tc + 4KPT ),

where O(4KPT ) denotes the complexity of the PSO algorithm. Notably, although the

complexity of the PSO algorithm is expressed in terms of dimension 4K, swarm size P,

and iteration number T , the practical implementation time is also influenced by the cost

of fitness evaluation using the HAPS model. Because the fitness must be evaluated for

each swarm position at every iteration, the optimization step dominates the actual compu-

tational cost during implementation, while the complexity of the pre-clustering step in our

proposed method is negligible. This further reinforces the motivation for proposing the

clustering-aided PSO approach, as the pre-clustering step can improve optimization qual-

ity by reducing the search space when the maximum available swarm size and iteration

number are constrained due to practical time limits.

4.5 Evaluation

4.5.1 Experiment Specifications

In the evaluation phase of this study, we conduct a comprehensive examination of cell

optimization results using real-world UE distribution data to ensure the robustness and

practicality of our proposed methods. The dataset utilized for our experiments is obtained

from AGOOP Corp. [154], which provides extensive, high-quality spatial distribution

data of UEs across Japan. From this dataset, we sample UE distribution data from 100

different coverage areas that collectively span the entire region of Japan, representing a

wide variety of geographic environments and urbanization levels. In other words, the

experimental results are derived from optimizing system performance across 100 distinct

and independent UE distributions, thereby providing a diverse and statistically meaningful
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Figure 4.5. Illustration of example HAPS coverage area 1 and coverage area 2 in the Kyushu
region.

evaluation. This large-scale sampling approach is intended to capture the broad variability

that may be encountered in practical HAPS deployments, increasing the generalizability

and credibility of the findings.

To facilitate detailed performance analysis and gain deeper insight into the system

behavior under different deployment conditions, we further select five representative cov-

erage areas for explicit presentation and discussion. These five areas are chosen based

on their geographic diversity and relevance to typical HAPS deployment scenarios. Each

area embodies a distinct UE distribution type, which can be attributed to unique geo-

graphic features, degrees of urbanization, and local environmental challenges that are

highly relevant to HAPS network planning and operation. The locations of these areas,
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Figure 4.6. Illustration of example HAPS coverage area 3 in the Chugoku region.

along with the corresponding UE distributions, are visually illustrated in Figs. 4.5, 4.6,

4.7, and 4.8. These figures are generated based on OpenMapTiles and OpenStreetMap

data [155], offering a clear geographical context for each case.

In addition to geographic variation, these areas are specifically selected for their po-

tential vulnerability to various natural disasters, such as earthquakes, typhoons, floods,

landslides, and tsunamis. The frequency and severity of such disasters depend on terrain,

climate, and proximity to coastlines, making these regions particularly meaningful as rep-

resentative scenarios for simulating the resilience and adaptability of HAPS deployments

in real-world settings. The evaluation thus accounts for not only technical optimization

under normal operating conditions, but also the critical role of HAPS in supporting emer-

gency communication and rapid recovery in disaster-prone regions.

A closer examination of these example areas reveals their unique characteristics. As

shown in Fig. 4.5, both area 1 and area 2 are situated in the Kyushu region of Japan,

but they differ substantially in environmental context and UE spatial patterns. Area 1

encompasses an urban–suburban transition zone, incorporating mountainous terrain and
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Figure 4.7. Illustration of example HAPS coverage area 4 in the Ibaraki Prefecture.

coastal boundaries. The UE population in this area is densely clustered within a primary

urban center, while the outlying zones exhibit sparse distributions, resulting in a sharp

contrast in user density. In comparison, area 2 spans a rural, coastal, and mountainous

region, where smaller urban centers are more widely dispersed throughout the area. As a

consequence, area 2 exhibits a moderately sparse UE distribution, with UEs spread across

multiple separated clusters, contrasting with the concentrated pattern of area 1.

Moving to area 3, which is depicted in Fig. 4.6, we observe a coverage area se-

lected from the Chugoku region. This area is characterized almost entirely by remote

mountainous terrain, with limited transportation and communication infrastructure. Con-

sequently, the UE distribution in area 3 is highly sparse, with only a few isolated and

locally concentrated groups of UEs. This scenario is emblematic of regions where terres-

trial communication networks are difficult to deploy and where HAPS can provide critical

connectivity.
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Figure 4.8. Illustration of example HAPS coverage area 5 in the Osaka Prefecture.

Area 4, located in Ibaraki Prefecture as shown in Fig. 4.7, comprises coastal plains,

forests, and agricultural land in addition to both urban and suburban development. The re-

sult is a moderately dense UE distribution, with significant concentration in the urban and

coastal regions, reflecting a mixture of population centers and rural expanse. Finally, area

5 is selected from Osaka Prefecture and is illustrated in Fig. 4.8. This region is a highly

urbanized and industrialized metropolitan district, featuring continuous high-density UE

distribution arranged in a radial pattern around a major urban and industrial core. This

area serves as an archetype for dense metropolitan deployments where advanced cell op-

timization can yield substantial benefits.

The simulation settings used throughout the evaluation are systematically detailed in

Table 4.1. In these experiments, we simulate a 9-cell HAPS system with a coverage ra-

dius of 50 km at a deployment altitude of 20 km, leveraging the cylindrical phased array

antenna model described earlier in the system model section [142]. This configuration is

selected to represent a typical operational scenario for HAPS, reflecting realistic deploy-

ment parameters encountered in practice. The choice of a 9-cell structure allows for a
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Table 4.1. Simulation settings.

Parameter Notation Value

HAPS altitude h 20 km

HAPS coverage radius R 50 km

Number of cells K 9

Number of sampled UEs N 3000

Number of repeated runs M 30

Cognitive parameter c1 2

Social parameter c2 2

Minimum inertia weight wmin 0.2

Maximum inertia weight wmax 0.9

Maximum velocity Vmax 6

Random factors r1, r2 [0, 1]

Swarm size P 100

Iteration number T 200

Maximum clustering iterations Tc 100

Exponent factor p 0.231, 1, 4.265, 13.513

Scaling factor s 1000

thorough evaluation of multi-cell optimization while keeping computational requirements

manageable.

To maintain experimental consistency and statistical validity, we sample exactly 3,000

UEs within each distribution, a number determined to be sufficient for preserving essential

spatial and density information without introducing unnecessary computational overhead.

This approach ensures that the system’s performance is assessed under comparable user

loads across all evaluation scenarios. Regarding the meta-heuristic optimization process,

we set the swarm size to 100 and the number of iterations to 200 for PSO in our pro-

posed method. These values are chosen to represent an appropriately low complexity for

practical PSO implementation, ensuring effective convergence to high-quality solutions
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within a reasonable computational budget. More importantly, to highlight the compar-

ative advantage of our method, we apply the same swarm size and iteration number as

reference points for all competing methods, guaranteeing that all approaches are evalu-

ated under an optimization effort and computational complexity that is at least as stringent

as that used for our algorithm. This careful alignment is critical for fairness and validity

in comparative benchmarking.

To establish comprehensive benchmarks, we evaluate multiple conventional methods

alongside our proposed algorithm. The baseline for all comparisons is a uniform con-

figuration, as developed in [59], where the 9 cells are uniformly configured regardless

of actual UE distribution. This baseline represents the default system state prior to any

UE distribution-based optimization and provides a clear reference for quantifying the

improvements realized through more advanced methods. Fig. 4.9 presents the SINR dis-

tributions for this uniform configuration in the two example areas in Kyushu, serving as a

visual and quantitative baseline.

Beyond the baseline, we examine the performance of conventional PSO and GA meth-

ods implemented alone under the same complexity settings as our approach. Additionally,

we assess two modifications of PSO. The first is a sectorization-based method, which di-

vides the circular coverage area into three equal sectors for the nine cells, thus roughly

reducing the search range and simplifying the optimization process for PSO. The second

is a heavy version of PSO, where the swarm size is increased to 500 and the number

of iterations is increased to 1000, both of which are considered very large for this class

of problems [156]. These alternative settings provide a means to evaluate the impact of

computational effort on optimization performance.

Furthermore, our evaluation includes the proposed clustering-aided PSO method com-

bined with four different clustering algorithms: conventional K-means, minmax K-means,

constrained K-means with strictly equal-size clusters, and our newly proposed regulated

K-means. To provide a comprehensive analysis, we also evaluate the GA method assisted
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(a)

(b)

Figure 4.9. SINR distribution for the uniform cell configuration in the two example areas in
Kyushu. (a) Example area 1. (b) Example area 2.
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by our proposed pre-clustering algorithm. For all clustering-aided methods, the maxi-

mum number of clustering iterations Tc is consistently set to 100, ensuring comparability

across different clustering strategies.

In addition to these, we assess several state-of-the-art methods from the literature

on HAPS multi-cell optimization, as identified and discussed in the related work sec-

tion. These include the geometry-based K-means method, the DQN method, and the

co-evolutionary GA method [73, 76, 80]. In particular, since the DQN method can ben-

efit from our proposed pre-clustering algorithm, we also evaluate the performance of the

clustering-aided DQN approach to provide a thorough and contemporary comparison.

The DQN method is evaluated with a step number of 100 and an episode number of 200,

settings which, although resulting in higher actual complexity than our method due to

network training overhead, are used to maintain a comparable level of optimization effort

for fair benchmarking. For the co-evolutionary GA method, the population size is set to

100, and the iteration number to 50 per cell group. With a total of four cycles, this setup

yields 200 iterations per parameter, resulting in an actual computational complexity three

times greater than our proposed method, as the 9 cells are divided into three groups but

the optimization effort per group is maintained at the same level.

All optimization-based methods in the comparison consistently utilize the objective

function defined in (4.1) for the calculation of fitness. This ensures that differences in per-

formance can be attributed solely to optimization effectiveness rather than to discrepan-

cies in objective criteria. The main evaluation is performed using p = log0.85 0.5 ≈ 4.265,

which is chosen as an appropriate exponent to achieve our throughput improvement goal.

This particular value of p ensures that the lowest 15% of UEs, as ranked by throughput,

begin to receive weights exceeding 0.5, with the minimum throughput user receiving a

weight of 1. This design places a significant emphasis on improving the throughput of the

least served UEs.

To further demonstrate the consistency and robustness of our method under varying

weight distributions, we also evaluate the performance for three additional values of p:

0.231, 1, and 13.513. These four values respectively correspond to the threshold for low
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Figure 4.10. Comparison of multiple p values applied to the proposed method in terms of expo-
nential weighting function.

throughput UEs to receive weights larger than 0.5 at 95%, 50%, 15%, and 5% of the

sorted UEs, effectively varying the weight distribution from nearly uniform to heavily

prioritized for the lowest throughput users. The characteristics of these weighting func-

tions are graphically illustrated in Fig. 4.10. The scaling factor in the objective function

is set to 1000 to maintain the numerical results within a readable and interpretable range.

In this simulation, we also make a practical and necessary assumption to constrain the

beam directions within the coverage area, which limits the maximum vertical beam direc-

tion to arctan (R/h) and the maximum vertical and horizontal beamwidth to 2 arctan (R/h).

This adjustment is essential because the theoretical parameter ranges defined in Table 3.2

create an excessively large search space, posing substantial challenges for methods that

do not employ search range reduction. Such a constraint ensures that all methods are

compared fairly, as each is initially provided with a search space that aligns with the fun-

damental geometry and deployment scenario of the simulation. This, in turn, allows for

a more meaningful evaluation of the optimization algorithms’ ability to find high-quality

solutions within practical bounds.
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Overall, the experiment specifications are carefully designed to ensure both rigor and

realism in performance assessment, reflecting the complex demands and variable scenar-

ios encountered in real-world HAPS deployments. By thoroughly benchmarking across a

diverse array of conditions and method types, we provide a robust foundation for analyz-

ing and demonstrating the effectiveness and generalizability of the proposed clustering-

aided PSO approach.

4.5.2 Optimization Results

In this section, we comprehensively evaluate the optimization results of the proposed

clustering-aided PSO approach and a variety of benchmark algorithms by analyzing their

performance using the fitness score metric. The fitness score provides a direct, quantita-

tive measure of the quality of the cell configuration achieved by each method, making it

a reliable indicator for comparing different optimization strategies. A lower fitness score

signifies a more desirable solution, reflecting improved UE throughput and more balanced

distribution of service across the network. The use of this clear and interpretable metric

allows for rigorous assessment of the methods under diverse conditions and supports ob-

jective benchmarking.

To begin the evaluation, we conduct a detailed fitness analysis for p = 4.265, which, as

established in the experiment specifications, is a well-matched choice for our optimiza-

tion objective. This exponent is selected to emphasize improvements for UEs with the

lowest throughput, supporting fairness and robustness in the optimized cell configuration.

Table 4.2 presents the fitness results across 100 different UE distributions for each eval-

uated method. The column labeled “Final” summarizes the average final fitness scores

over 100 distributions after cell optimization, with each distribution’s score computed as

the average of 30 independent runs to ensure statistical significance and to account for

inherent algorithm stochasticity.

The results in Table 4.2 clearly indicate that our proposed method consistently achieves

the lowest average fitness score among all compared methods. This demonstrates the

superior optimization capability of our clustering-aided PSO approach in adapting to
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varying UE distributions and maximizing overall network performance. In contrast, the

geometry-based K-means method is found to yield the highest fitness scores, with only

limited improvement over the baseline. This is an expected outcome, as the geometry-

based method lacks a mechanism to optimize antenna parameters based on actual UE

throughput; it instead relies solely on fixed geometric rules for configuration, which are

insufficient for capturing the dynamic and spatially heterogeneous nature of practical de-

ployments.

Further analysis reveals that the DQN method performs worse than the other optimization-

based methods, highlighting the advantages of meta-heuristic approaches in this particu-

lar problem setting. The meta-heuristic optimizers, such as PSO and GA, benefit from a

clearly defined objective function, enabling them to explore the search space more sys-

tematically and converge toward high-quality solutions. Among these, standard PSO out-

performs standard GA, reaffirming the suitability of PSO as a population-based optimizer

for the complex and high-dimensional optimization landscape encountered in multi-cell

HAPS configuration problems.

A key aspect of the evaluation is the comparison of different strategies for search space

reduction and algorithmic enhancement. The results show that both the computationally

heavier PSO variant and the simplified sectorization-based version achieve lower fitness

scores than standard PSO, but the most significant improvements are observed with the

four clustering-aided PSO methods. These include PSO guided by conventional K-means,

minmax K-means, constrained K-means, and our proposed regulated K-means. All four

variants yield notably lower fitness scores, underscoring the critical importance of care-

fully constraining the search space. By utilizing meaningful clustering information to

redefine the search range, these methods guide the optimizer away from local optima and

toward globally superior solutions.

Among the clustering-aided approaches, both the constrained K-means and regulated

K-means methods consistently outperform the conventional K-means variant, validating

the positive effect of balanced clustering on optimization quality. In contrast, the minmax
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Table 4.2. Fitness results across 100 UE distributions.

Method
Average Fitness Score

1st Iteration Final Final (Best Run) CV

Base (Uniform) – 12.79 12.79 –

K-Means (Geometry) – 10.34 8.77 9.27%

DQN – 6.92 6.49 5.59%

GA 16.05 6.92 5.99 8.71%

GA (Co-Evolution) – 6.69 5.70 9.44%

PSO 15.95 5.89 4.93 8.83%

PSO (Sectorization) 13.72 5.67 4.71 9.66%

PSO (Heavy) 13.82 5.38 4.58 7.73%

DQN (Regulated K-Means) – 5.89 4.76 10.27%

GA (Regulated K-Means) 8.81 5.63 4.65 6.79%

PSO (MinMax K-Means) 9.90 5.32 4.54 8.12%

PSO (K-Means) 9.52 5.23 4.53 6.58%

PSO (Constrained K-Means) 8.75 5.03 4.46 5.46%

PSO (Regulated K-Means) 8.73 4.75 4.31 5.66%

aThe results are presented for p = 4.265.

K-means-based approach, despite its adaptive balancing mechanism, delivers worse per-

formance than even the conventional K-means, a result attributable to its instability and

occasional poor clustering outcomes. The regulated K-means-based approach stands out,

consistently achieving the lowest fitness score and thus the best performance among all

methods tested. Because the only varying factor among the clustering-aided methods is

the clustering algorithm, these results confirm that our proposed regulated K-means al-

gorithm provides the most effective guidance for parameter search range redefinition and

overall optimization.
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The benefit of the pre-clustering step is not limited to PSO-based approaches. Ta-

ble 4.2 also shows that both the clustering-aided DQN and clustering-aided GA methods

achieve substantial improvements over their standard versions. This highlights the gen-

eral applicability and effectiveness of our pre-clustering algorithm in facilitating better

initialization and search range reduction for a variety of population-based and learning-

based optimizers. On the other hand, although the co-evolutionary GA method also yields

lower fitness scores than standard GA, the improvement is less pronounced compared to

the clustering-aided strategy, emphasizing the importance of intelligent search space re-

duction.

To further assess robustness, we calculate the average coefficient of variation (CV) of

the final fitness scores across repeated runs for each method. The CV provides insight into

the consistency and reliability of each algorithm in achieving similar results under mul-

tiple runs, which is particularly relevant for stochastic optimizers. The results reveal that

clustering-aided optimization approaches—including those employing K-means, minmax

K-means, constrained K-means, and regulated K-means—achieve relatively low CV val-

ues, reflecting increased robustness and reduced variance in outcomes. Notably, although

the proposed regulated K-means-based approach does not achieve the absolute lowest CV,

its value is among the lowest, demonstrating stable and repeatable performance.

It is reasonable that the constrained K-means-based approach achieves the lowest CV,

as its strict enforcement of cluster size produces highly similar cluster structures and

search spaces across different runs. An interesting observation arises in the case of the

DQN method, whose CV increases after applying the pre-clustering step. This is be-

cause the DQN approach, which searches by adjusting a single candidate solution, be-

comes sensitive to the initialization provided by pre-clustering, leading to greater run-

to-run variability. In the original DQN method, fixed initial parameters ensure low CV,

whereas the stochastic nature of the pre-clustering step introduces variability. In contrast,

population-based methods such as PSO and GA naturally average over multiple candidate

solutions, rendering them more compatible with the stochastic initialization provided by

pre-clustering.
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Table 4.3. Fitness results in example areas.

Method
Fitness Score (Example Area)

Area 1 Area 2 Area 3 Area 4 Area 5

Base (Uniform) 18.43 7.34 9.33 7.82 12.89

K-Means (Geometry) 14.27 5.94 7.30 6.88 9.71

DQN 8.00 5.11 6.58 6.35 6.04

GA 6.94 6.01 6.05 6.50 6.33

GA (Co-Evolution) 6.80 5.31 5.64 6.07 5.51

PSO 6.20 5.06 5.36 5.46 6.06

PSO (Sectorization) 5.87 4.70 4.72 5.11 5.15

PSO (Heavy) 5.68 4.56 5.00 5.01 5.72

DQN (Regulated K-Means) 6.33 4.15 5.41 5.15 5.44

GA (Regulated K-Means) 6.06 4.67 4.62 5.11 5.36

PSO (MinMax K-Means) 6.15 3.78 4.32 4.53 4.97

PSO (K-Means) 5.87 3.50 4.19 4.49 4.82

PSO (Constrained K-Means) 5.44 3.60 4.01 4.50 4.60

PSO (Regulated K-Means) 5.28 3.40 3.86 4.37 4.49

aThe results are presented for p = 4.265.

Beyond final scores, we also record the average fitness score at the first iteration of op-

timization to assess the quality of the initialization provided by pre-clustering. This com-

parison is only meaningful for methods that optimize all cells simultaneously. The find-

ings demonstrate that pre-clustering-based methods yield improved fitness at the outset,

with the regulated K-means variant consistently providing the best initialization among all

evaluated approaches. This strong initialization advantage translates into improved final

results after iterative optimization. Additionally, by recording the lowest fitness scores

obtained from 30 repeated runs per distribution, we can evaluate each method’s best-case

potential. Although these scores are naturally lower, the relative performance rankings
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Table 4.4. Ranking analysis of how often each method outperforms the others across 100 UE
distributions from 1st to 7th.

Method
Occurrences by Fitness Score Rank Position

1st 2nd 3rd 4th 5th 6th 7th

PSO (Regulated K-Means) 75% 18% 5% 1% 1% – –

PSO (Constrained K-Means) 11% 39% 17% 21% 8% 4% –

PSO (K-Means) 6% 14% 28% 13% 14% 9% 12%

PSO (MinMax K-Means) 3% 12% 16% 20% 11% 10% 7%

GA (Regulated K-Means) – – 7% 6% 23% 31% 26%

DQN (Regulated K-Means) 5% 7% 6% 9% 5% 5% 6%

PSO (Heavy) – 9% 15% 16% 20% 15% 8%

PSO (Sectorization) – – 5% 9% 11% 15% 20%

PSO – – – 3% 5% 7% 6%

GA (Co-Evolution) – – – 1% 1% 2% 4%

GA – – – – – – –

DQN – 1% 1% 1% 1% 2% 11%

K-Means (Geometry) – – – – – – –

Base (Uniform) – – – – – – –

aThe results are according to the fitness scores in the “Final” column of Table 4.2.

remain unchanged, further supporting the superiority and consistency of our proposed

method.

A more granular analysis is presented in Table 4.3, which details the fitness results for

the five example UE distributions previously introduced. Due to the unique features of

each coverage area, the fitness scores exhibit distinct patterns. It is observed that denser

distributions—such as those in areas 1, 4, and 5—produce higher fitness scores, as the

clustering and optimization process must contend with increased inter-cell interference

and greater complexity in balancing throughput among a larger number of edge UEs.

Among these, area 1, which features a small and highly concentrated urban core, yields
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Table 4.5. Ranking analysis of how often each method outperforms the others across 100 UE
distributions from 8th to 14th.

Method
Occurrences by Fitness Score Rank Position

8th 9th 10th 11th 12th 13th 14th

PSO (Regulated K-Means) – – – – – – –

PSO (Constrained K-Means) – – – – – – –

PSO (K-Means) 3% 1% – – – – –

PSO (MinMax K-Means) 9% 8% 4% – – – –

GA (Regulated K-Means) 7% – – – – – –

DQN (Regulated K-Means) 17% 19% 8% 6% 3% 4% –

PSO (Heavy) 8% 6% 3% – – – –

PSO (Sectorization) 23% 10% 7% – – – –

PSO 19% 27% 25% 8% – – –

GA (Co-Evolution) 7% 15% 17% 26% 22% 5% –

GA 2% 5% 24% 29% 34% 6% –

DQN 5% 9% 11% 27% 27% 4% –

K-Means (Geometry) – – 1% 4% 14% 65% 16%

Base (Uniform) – – – – – 16% 84%

aThe results are according to the fitness scores in the “Final” column of Table 4.2.

the highest fitness scores. In contrast, sparser distributions, such as those in areas 2 and

3, generally lead to lower fitness scores, with area 2 presenting the most natural fit for

a finely-tuned multi-cell configuration. These variations underscore the impact of both

inter-cell interference and cluster balance on the optimization outcome. Importantly, de-

spite these differences, our proposed method outperforms other approaches across all rep-

resentative UE distribution types, demonstrating adaptability and effectiveness in a wide

range of deployment scenarios.

To further evaluate each method’s ability to achieve optimal solutions across differ-

ent UE distributions, we conduct a comprehensive ranking analysis. Tables 4.4 and 4.5
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Table 4.6. Average final fitness score results of 100 UE distributions for additional exponent
factors.

Method p = 0.231 p = 1 p = 13.513

Base (Uniform) 31.10 23.96 5.99

K-Means (Geometry) 24.09 18.79 5.07

DQN 17.80 13.15 3.50

GA 18.38 13.74 3.10

GA (Co-Evolution) 18.39 13.45 3.12

PSO 15.71 11.48 2.73

PSO (Sectorization) 14.95 10.96 2.65

PSO (Heavy) 14.64 10.62 2.46

DQN (Regulated K-Means) 14.79 10.93 3.05

GA (Regulated K-Means) 14.53 10.70 2.61

PSO (MinMax K-Means) 14.27 10.52 2.59

PSO (K-Means) 13.60 10.05 2.50

PSO (Constrained K-Means) 13.40 9.70 2.29

PSO (Regulated K-Means) 12.72 9.25 2.25

present the number of times each method achieves the best, second-best, and subsequent

rankings based on the average final fitness score for each distribution. The results show

that the clustering-aided approaches, especially our proposed regulated K-means-based

method, dominate the top rankings. Our method achieves the best performance on 75 out

of 100 distributions, ranks second on 18, third on 5, and fourth or fifth on only 1 each, with

no lower rankings. This not only confirms the method’s superior average performance,

but also its ability to consistently deliver top results across a diverse set of deployment

scenarios.

Other clustering-aided variants, such as K-means, minmax K-means, and constrained

K-means-based methods, also achieve best performance in some cases, reflecting the pos-

sibility that different clustering algorithms may produce similar clusters and search spaces

77



Figure 4.11. Comparison of multiple p values applied to the proposed method in terms of conver-
gence curve averaged across 100 UE distributions.

under certain conditions. The DQN-based method, by contrast, exhibits high variability

in ranking—from best in some scenarios to much lower ranks in others—highlighting the

challenges of reward function design and robustness for learning-based optimizers in this

context.

The consistency of our proposed method is further validated through evaluation under

different weighting distributions. In Table 4.6, we present the average final fitness scores

for the 100 UE distributions at three additional p values, supplementing the main eval-

uation at p = 4.265. Across all four p values, our regulated K-means-based approach

achieves the lowest fitness score, demonstrating consistent superiority over alternative

methods regardless of the chosen weighting emphasis. The numerical values of the fitness

scores vary as a function of p, reflecting different prioritizations of low-throughput UEs,

but the relative performance of each method remains clear and consistent. For example,

at p = 13.513, the performance of the conventional K-means-based approach no longer

exceeds that of the heavy PSO variant, whereas the regulated K-means-based method still
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achieves the best results. This further confirms that the search ranges defined by regulated

K-means are more precise and effective than those generated by conventional K-means.

Finally, we illustrate the convergence behavior of the proposed method by plotting the

average convergence curves over 100 UE distributions for all four p values, as shown in

Fig. 4.11. These results show that our method reliably achieves convergence within 200

iterations in every case, providing further evidence of both its efficiency and robustness

across a wide spectrum of weighting strategies and distribution types.

4.5.3 Throughput Performance

To provide a thorough and comprehensive comparison of the throughput performance

under the optimized cell configurations, we analyze and visualize the distribution of UE

throughput resulting from each evaluated method, as well as from the baseline scenario.

The cumulative distribution function (CDF) of UE throughput is used as the primary met-

ric for this comparison, as it provides an intuitive and detailed illustration of the through-

put levels experienced by all UEs in the system. This approach enables the assessment of

both the average performance and the fairness of throughput allocation across the entire

user population.

We plot the optimized CDFs in Fig. 4.12(a), which are averaged over all 100 UE

distributions, with each distribution result further averaged over 30 repeated optimization

runs for p = 4.265. This plot allows for a direct comparison of the throughput distribu-

tions achieved by our proposed clustering-aided method, various conventional methods,

and the uniform baseline configuration. The rightward shift of the CDF curve correspond-

ing to our proposed method is especially prominent, signifying a substantial reduction in

the number of UEs experiencing low throughput. This demonstrates that our approach

consistently delivers superior throughput performance for the vast majority of UEs when

compared to all alternative methods. This observation is strongly consistent with the

previously discussed fitness score results, as both metrics are closely linked to the effec-

tiveness of the underlying cell optimization.
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(a)

(b)

Figure 4.12. Throughput performance average across 100 UE distributions for p = 4.265. (a) CDF
of UE throughput. (b) Distribution of throughput improvement over the uniform cell configuration
from low throughput UEs to high throughput UEs.
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To gain further insights, we also examine the throughput improvement rate for each

method, as shown in Fig. 4.12(b), where the improvement rate is computed relative to

the uniform configuration, thereby isolating the gains attributable to the optimization pro-

cess itself. This visualization provides a clear and quantitative picture of how much each

method improves throughput across the spectrum of UEs, from those with the lowest to

those with the highest throughput. Our results show that the proposed method is espe-

cially effective at improving the throughput of UEs at the lower end of the throughput

distribution, which directly aligns with our stated optimization objective of prioritizing

performance for UEs with poorer initial connectivity. Simultaneously, the method is de-

signed to de-emphasize excessive gains for already well-served UEs, ensuring a fairer and

more balanced network outcome. These findings are in full agreement with the theoretical

goals of our objective function and validate the design of our approach.

In addition to the aggregate results, we present detailed throughput performance for

p = 4.265 in the five example coverage areas introduced previously. The results are

visualized in Figs. 4.13, 4.14, 4.15, 4.16, and 4.17. By analyzing these representative

scenarios, we are able to demonstrate the robustness and generalizability of our proposed

method across different deployment conditions and UE distribution patterns. Importantly,

the performance trends observed in these examples are consistent with those in the over-

all fitness analysis. In particular, the reduction of low throughput UEs is noticeably more

challenging in coverage areas associated with higher fitness scores, reaffirming the im-

pact of challenging geographic and distributional features on optimization complexity.

Nevertheless, our approach maintains its advantage across all scenarios.

To further explore the effects of the weighting function parameter p, we evaluate

throughput performance across the full range of optimization objectives by presenting

throughput improvement distributions for four distinct p values, as summarized in Fig.

4.18. By comparing the curves corresponding to different p values, we observe clear

trends: smaller p values lead to less improvement in the low throughput region and greater

improvement in the high throughput region, while higher p values have the opposite effect,
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(a)

(b)

Figure 4.13. Throughput performance in example area 1 for p = 4.265. (a) CDF of UE throughput.
(b) Distribution of throughput improvement over the uniform cell configuration from low through-
put UEs to high throughput UEs.
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(a)

(b)

Figure 4.14. Throughput performance in example area 2 for p = 4.265. (a) CDF of UE throughput.
(b) Distribution of throughput improvement over the uniform cell configuration from low through-
put UEs to high throughput UEs.
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(a)

(b)

Figure 4.15. Throughput performance in example area 3 for p = 4.265. (a) CDF of UE throughput.
(b) Distribution of throughput improvement over the uniform cell configuration from low through-
put UEs to high throughput UEs.
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(a)

(b)

Figure 4.16. Throughput performance in example area 4 for p = 4.265. (a) CDF of UE throughput.
(b) Distribution of throughput improvement over the uniform cell configuration from low through-
put UEs to high throughput UEs.

85



(a)

(b)

Figure 4.17. Throughput performance in example area 5 for p = 4.265. (a) CDF of UE throughput.
(b) Distribution of throughput improvement over the uniform cell configuration from low through-
put UEs to high throughput UEs.
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Figure 4.18. Comparison of multiple p values applied to the proposed method in terms of through-
put improvement distribution over the uniform cell configuration from low throughput UEs to high
throughput UEs, averaged across 100 UE distributions.

yielding substantial gains for low throughput UEs and smaller or even negative improve-

ments for high throughput UEs. The results with different p values further highlight our

goal of the throughput optimization, i.e., improving and distributing UE throughput based

on the specific objective function.

This outcome directly reflects the behavior of the weighting functions plotted in Fig.

4.10, providing strong empirical validation that the weighting strategy effectively guides

the optimization process according to the specified network objectives. Notably, our pro-

posed method consistently achieves the most favorable improvement profile across the

different values of p, demonstrating versatility and efficacy in meeting diverse system

requirements.

Beyond aggregate statistics, we further illustrate the spatial impact of optimization

by visualizing the SINR distributions and cell boundaries for selected example areas.

Specifically, we focus on areas 1 and 2 in Kyushu, which are of particular interest as

they correspond to the highest and lowest fitness scores, respectively, among the example
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(a)

(b)

Figure 4.19. Best SINR distribution achieved among all non-clustering-aided methods for p =
4.265. (a) Example area 1. (b) Example area 2.
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(a)

(b)

Figure 4.20. SINR distribution achieved by K-means clustering-aided PSO for p = 4.265. (a)
Example area 1. (b) Example area 2.
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(a)

(b)

Figure 4.21. SINR distribution achieved by constrained K-means clustering-aided PSO for p =
4.265. (a) Example area 1. (b) Example area 2.
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(a)

(b)

Figure 4.22. SINR distribution achieved by regulated K-means clustering-aided PSO for p =
4.265. (a) Example area 1. (b) Example area 2.
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areas. The SINR is calculated using the optimized antenna parameters that yielded the

best fitness scores across all runs. The results for these areas are presented in Figs. 4.19,

4.20, 4.21, and 4.22. In Fig. 4.19, we display the best results achieved among all non-

clustering-aided methods, serving as a baseline for comparison. The subsequent figures

present the outcomes of clustering-aided optimization, with each panel corresponding to

a different clustering approach: conventional K-means, constrained K-means, and the

proposed regulated K-means.

Through these visualizations, it is evident that the clustering-aided methods yield cell

configurations that are better aligned with the spatial distribution of UEs, in stark contrast

to the more rigid and less adaptive layouts observed for the baseline and non-clustering-

aided methods. For all three clustering-aided approaches, cell boundaries are more intelli-

gently positioned in regions with lower UE density, consistent with the goal of minimizing

inter-cell interference and enhancing overall throughput.

However, key differences emerge in their effectiveness. The results for conventional

K-means, presented in Fig. 4.20, show that this method may result in imbalanced alloca-

tion of UEs to cells, particularly in densely populated environments, which can limit its

ability to achieve fair throughput. The results for constrained K-means, as illustrated in

Fig. 4.21, demonstrate that although this method addresses the cluster size imbalance by

enforcing strict uniformity, it can restrict flexibility and thus compromise the optimization

of inter-cell interference.

In contrast, the proposed regulated K-means method, as shown in Fig. 4.22, strikes

a desirable balance by adaptively adjusting cluster sizes according to the actual UE dis-

tribution, without rigidly enforcing equal sizes. This flexibility enables more precise and

effective search range redefinition, resulting in improved alignment between the cell con-

figuration and network performance objectives.

Taken together, these throughput performance evaluations, both quantitative and qual-

itative, clearly demonstrate the superiority of our proposed clustering-aided optimization

approach. By effectively reducing the prevalence of low throughput UEs, aligning cell
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boundaries with the underlying UE spatial distribution, and supporting flexible, objective-

driven optimization through the weighting function, our method robustly achieves its in-

tended performance gains across a wide range of practical deployment scenarios. These

results provide strong support for the adoption of our approach in real-world HAPS multi-

cell configuration problems.

4.6 Conclusion

In this chapter, we presented a comprehensive solution for dynamic multi-cell config-

uration in HAPS systems by proposing a clustering-aided PSO algorithm that optimizes

antenna control based on the actual distribution of UEs within the coverage area. The fun-

damental concept underpinning our approach is the integration of clustering information

derived from the spatial distribution of UEs, which is then utilized to inform the initializa-

tion of the optimization algorithm. By carefully redefining the search space for each set

of antenna parameters, our method enhances the optimizer’s ability to explore promising

regions of the solution domain, effectively reducing the tendency to become trapped in

suboptimal local minima and thereby increasing the likelihood of identifying the global

optimum. This strategy also addresses the significant computational complexity that nat-

urally arises when simultaneously optimizing multiple beams in a large coverage area.

A key innovation introduced in our work is the regulated K-means clustering algo-

rithm, which serves to overcome the limitations of conventional K-means in the context

of HAPS cell optimization. While standard K-means clustering focuses solely on mini-

mizing intra-cluster variance, it can often lead to severely imbalanced cluster sizes that

negatively impact network performance by causing an uneven distribution of through-

put among UEs. Our regulated K-means approach is specifically designed to address this

challenge, adaptively guiding the clustering process to achieve a more balanced allocation

of UEs across all clusters. This balanced clustering not only contributes to fairer through-

put distribution but also ensures that the optimizer receives a more robust and meaningful

initialization, further supporting the search for globally optimal antenna parameters.
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The effectiveness of our proposed clustering-aided PSO algorithm has been validated

through extensive simulations, leveraging real-world UE distribution datasets from a va-

riety of representative coverage scenarios. The results clearly demonstrate that our ap-

proach consistently surpasses existing conventional and state-of-the-art optimization meth-

ods. In particular, the proposed method achieves a substantial reduction in the number of

low throughput UEs, delivers a more equitable throughput distribution across the user

population, and does so with a computational complexity that remains practical for real-

time network operations.

Overall, this research marks a significant advancement toward the realization of intel-

ligent and adaptive HAPS antenna control systems. By addressing the dual challenges of

search space complexity and cluster size imbalance, our proposed solution provides a ro-

bust and effective framework for optimizing network coverage and quality in dynamically

changing environments. The contributions of this chapter lay the groundwork for further

exploration into learning-based and data-driven approaches, and highlight the importance

of spatial clustering in future HAPS network design and optimization.
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Chapter 5

A Neural Network Approach for

Beamforming Optimization in

Multi-Cell HAPS Systems
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5.1 Contributions

In this chapter, we introduce a unified deep learning-based framework to address the chal-

lenges of real-time and scalable beamforming optimization in multi-cell HAPS systems.

Motivated by the limitations of conventional iterative search and supervised MLP-based

approaches, our method leverages advanced convolutional neural networks to directly

predict the complete set of antenna parameters from raw UE spatial distributions. This

approach aims to overcome the computational inefficiency, instability, and limited op-

timization scope that hinder existing methods, particularly under dynamic and diverse

deployment conditions.

Our methodology formulates the multi-cell configuration task as an end-to-end super-

vised learning problem, where the objective is to infer optimal beamforming parameters

for each cell, maximizing throughput performance while ensuring balanced user experi-

ence across the coverage area. To realize this, we design a neural network architecture

based on ConvNeXt V2, a state-of-the-art vision model known for its scalability and

strong feature extraction capabilities. The input to the model is constructed via a robust

spatial density encoding of the UE distribution, effectively transforming irregular spatial

data into a grid-based representation amenable to convolutional processing.

To enable consistent training and inference across varying HAPS coverage radii, we

develop a scale-invariant antenna parameter normalization scheme. This procedure trans-

forms beam directions and beamwidths into unit variables, allowing the model to general-

ize over different coverage scenarios without loss of geometric information. Furthermore,

to address the order ambiguity inherent in ground truth beam assignments, we introduce a

permutation-invariant, assignment-based loss function. By incorporating a linear assign-

ment step into the learning process, the network reliably matches its output to the correct

set of beam parameters, irrespective of the order present in the dataset.

The practical effectiveness of our approach is demonstrated through extensive ex-

periments on a large-scale dataset of real-world UE distributions collected throughout

Japan. Results show that the proposed method achieves throughput performance closely

approaching the global optimum found by iterative optimization, while providing fast,
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consistent predictions suitable for real-time control. The framework is further validated

across a range of model sizes, confirming both its scalability and adaptability to deploy-

ment constraints.

The main contributions of this chapter are summarized as follows:

• We propose a unified deep learning framework based on ConvNeXt V2 that directly

predicts the full set of cell configuration parameters from spatial UE distributions,

enabling end-to-end, real-time beamforming optimization for HAPS systems.

• We introduce a robust spatial density encoding and a scale-invariant antenna param-

eter normalization scheme, allowing the model to generalize across diverse cover-

age radii while preserving the geometric relationship between UEs and antenna

beams.

• We develop a permutation-invariant, assignment-based loss function that resolves

ground truth order ambiguity, ensuring stable and reliable model training with

order-independent supervision.

• We validate the proposed approach on a large real-world dataset, demonstrating its

superior performance and deployment flexibility relative to conventional optimiza-

tion and neural network baselines.

5.2 Limitations of Existing Work

Dynamic cell configuration and beamforming optimization in HAPS systems have been

extensively investigated using a range of iterative search-based algorithms, including

PSO, GA, and reinforcement learning methods such as DQN and fuzzy Q-learning [73–

79]. As detailed in Chapter 4, these approaches leverage metaheuristic optimization and

online learning processes to adapt antenna parameters in response to varying UE distribu-

tions, and our proposed method achieves the best improvement in UE throughput among

them.
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While these methods demonstrate significant improvements in throughput performance

and adaptability, these iterative methods fundamentally rely on repeated search or learn-

ing procedures, resulting in non-negligible computational cost and inference variability.

In practical scenarios, such limitations restrict their suitability for real-time operation,

particularly in large-scale multi-cell HAPS deployments or when rapid response to dy-

namic UE distributions is required. Furthermore, the outcome of each optimization run

may differ, introducing instability to the system’s behavior.

In addition to these iterative search-based approaches, a geometry-based configura-

tion method has also been explored for rapid cell assignment in HAPS systems [80]. This

method assigns antenna parameters using fixed geometric formulas and clustering, en-

abling fast computation and simplified implementation. However, as discussed in Chap-

ter 4, it does not optimize antenna parameters according to throughput performance, and

therefore cannot achieve high-quality solutions, especially in the presence of complex or

highly irregular UE distributions.

Building on these efforts, recent research proposes the use of supervised learning mod-

els to further accelerate cell configuration while preserving adaptability. In particular, a

MLP-based approach is proposed to predict antenna parameters for HAPS cell configura-

tion directly from the UE distribution [81, 82]. In this method, the UE distribution across

the coverage area is encoded as sectorized density information and provided as input to

the MLP, which is trained to predict a subset of the parameters necessary for cell config-

uration. The model leverages ground truth data obtained from iterative search optimizers

and incorporates classifier chain and ensemble techniques to account for interdependen-

cies among multiple cells, aiming to enable efficient prediction in multi-cell scenarios.

The primary advantage of this MLP-based approach lies in its computational effi-

ciency. Once trained, the MLP can predict optimized configurations for new UE dis-

tributions in real time, substantially reducing the computational overhead compared to

algorithms that require repeated iterative calculations for each new scenario. Despite its

promise, the MLP-based method exhibits two key limitations. First, the model is only

able to predict a partial set of antenna parameters, with the remaining parameters preset
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to fixed values. This limitation restricts the optimization scope and prevents the model

from adapting fully to varying UE distributions. Second, the use of sectorized density

information as input compresses the original UE distribution data, resulting in informa-

tion loss that limits the model’s ability to capture the detailed spatial features essential for

complex beamforming optimization.

In summary, while conventional iterative optimization methods and their variants

achieve high throughput performance, they remain computationally intensive and unstable

for real-time operations. Geometry-based and clustering-assisted approaches, although

computationally efficient, fail to exploit the full optimization potential. Supervised learn-

ing models such as the MLP-based method provide computational efficiency and initial

adaptability, but their architecture and input encoding restrict their capability to perform

end-to-end optimization. These challenges motivate the development of a new learning-

based method that can jointly optimize the complete set of antenna parameters, make

efficient use of spatial distribution information, and deliver robust, real-time performance

for HAPS multi-cell beamforming.

5.3 Neural Network Approach

5.3.1 ConvNeXt V2-Based Neural Network Model

In the optimization process defined in this dissertation, the only information available

for determining the optimal antenna parameters is the spatial distribution of UEs, stored

in the matrix U as two-dimensional location vectors within the HAPS coverage area.

Since the optimal multi-cell configuration is highly dependent on the specific patterns

and density of UE distributions, this spatial information can be naturally interpreted as

structured data analogous to an image. Such a formulation motivates the application of

neural network architectures developed for computer vision, as these models are highly

effective at learning spatial patterns and extracting relevant features from dense grid-based

representations.
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To address the limitations of conventional iterative and MLP-based approaches, we

propose a deep learning method that directly predicts the complete set of antenna param-

eters from the UE distribution. The complete process of the proposed neural network

approach for an example 3-cell HAPS system is shown in Fig. 5.1. In our approach, we

adopt ConvNeXt V2 as the backbone model [157, 158]. ConvNeXt V2 is a convolutional

neural network architecture that modernizes the standard ResNet design by introducing

large kernel convolutions, streamlined block structures, and advanced normalization and

activation strategies, resulting in improved representation and training efficiency. The use

of large kernel convolutions enables ConvNeXt V2 to effectively capture global spatial

context and long-range dependencies in the input, fulfilling a similar role to attention

mechanisms but implemented purely through convolutional operations.

Importantly, ConvNeXt V2 is known for achieving state-of-the-art top-1 accuracy on

the ImageNet-1K dataset and demonstrating superior performance across a wide range of

vision tasks. Its design incorporates key advances from both convolutional and transformer-

based models, providing strong feature extraction capability and efficient inference. In

addition, ConvNeXt V2 is a fully convolutional architecture that offers exceptional scal-

ability not only in input size but also in model capacity, with variants ranging from

lightweight, e.g., atto, nano, to large-scale, e.g., large, huge configurations. This flexi-

bility enables practical adjustment of the model’s computational footprint according to

available hardware resources and real-time constraints. These properties are considered

essential for the practical operation of our beamforming optimization task in HAPS sys-

tems, making ConvNeXt V2 a suitable choice. In this work, the ConvNeXt V2 backbone

is employed without modification to its hidden layers, preserving the original model ar-

chitecture.

The process of our method begins by transforming the original UE distribution data

into a mapped density matrix through a spatial density encoding step. This step transform

the 2D UE locations stored in the matrix U into a fixed-size array that preserves the spatial

density pattern of each distribution. This array serves as the input for the neural network,
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Figure 5.1. Illustration of the proposed neural network model for a 3-cell HAPS system.
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enabling it to learn from the spatial distribution of UEs while being compatible with the

standard architecture of ConvNeXt V2.

The HAPS coverage area is considered a circle of radius R centered at the origin of

the Cartesian coordinate system. In this step, we aim to map this circular region onto a

square array of shape H ×W, where H and W are the height and width, e.g., 224 × 224.

The mapping is defined so that the region [−R,R] × [−R,R] in real space corresponds to

the H ×W pixel array. Let D ∈ RH×W denote the density matrix, where the index of each

entry di, j has the range i ∈ {0, 1, ...,H − 1} and j ∈ {0, 1, ...,W − 1}. Let (xn, yn) represent

the coordinates of the n-th UE relative to the coverage center. For each UE at position

(xn, yn), its corresponding index (in, jn) in the mapped density matrix is defined as follows:

in = (H − 1) −
⌊
H

(yn + R)
2R

⌋
,

jn =

⌊
W

(xn + R)
2R

⌋
,

(5.1)

where the floor function is used to ensure the consistency. Subsequently, the entry di, j is

computed as the total number of UEs whose mapped pixel indices are equal to (i, j). The

complete formula can be expressed using the indicator function, as follows:

di, j =

N∑
n=1

1 (in = i ∧ jn = j) . (5.2)

To ensure numerical stability and match the input requirements of the neural network,

we normalize the density matrix D for each distribution by its own maximum value. The

normalization is expressed as follows:

d̃i, j =
di, j

dmax
, (5.3)

where dmax represents the maximum entry in the density matrix D. This normalization

ensures that all the input values are in the range [0, 1], where the pixel di, j = 1 indicates

the highest density region and the pixel di, j = 0 indicates the area with no UE existing. The

rationale is that the absolute UE count is less essential for the beamforming optimization
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task than the spatial pattern of density of UEs. The optimization relies on recognizing and

responding to the relative distribution and clustering of UEs, which this normalization

preserves. Thus, the density map extracted through this encoding captures the relevant

information while ensuring model robustness and generalization.

Finally, the resulting normalized 2D array D̃ is replicated across three channels to form

a H ×W × 3 tensor. This shape matches the expected input for convolutional neural net-

works pre-trained on standard image datasets. The encoded spatial density map provides

the neural network with an effective representation of UE distribution patterns, allowing

the model to learn spatial features relevant to cell configuration. This transformation en-

sures compatibility with the ConvNeXt V2 architecture and enables robust prediction for

various UE distribution scenarios.

The normalized input tensor is then fed into the neural network, which applies a se-

ries of convolutional layers to extract hierarchical spatial features, ultimately passing the

learned feature representation to a fully connected output layer. At the output stage, a

linear activation is used to produce continuous-valued antenna parameters. For a K-cell

HAPS system, the output vector is partitioned into K groups, each containing four antenna

parameters corresponding to vertical direction angle θdir, horizontal direction angle ϕdir,

vertical half-power beamwidth θ3dB, and horizontal half-power beamwidth ϕ3dB for each

beam. In order to ensure the model can be applied to different HAPS coverage radii, we

design the model to be invariant to the absolute coverage size, enabling unified learning

and inference across a range of deployment scenarios. Therefore, this structure enables

end-to-end inference from arbitrary spatial UE distribution to the full set of parameters

for cell configuration.

A key consideration in the supervised training of this model is the choice of loss func-

tion. While the objective function defined in Chapter 4 is well-suited for metaheuristic

optimizers, it is not suitable for direct use as a training loss due to its non-differentiability

and non-convexity, which impede effective gradient-based optimization. Therefore, we

employ the mean squared error (MSE) loss, which is standard for regression tasks and

provides smooth gradients for stable and efficient learning. During training, the predicted
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antenna parameters are supervised using ground truth solutions obtained from the state-of-

the-art optimization method developed in Chapter 4, thereby ensuring the neural network

learns to approximate efficient configurations.

5.3.2 Antenna Parameter Normalization

A fundamental challenge in learning-based HAPS beamforming optimization is that the

optimal antenna parameters, i.e. beam directions and beamwidths, are intrinsically de-

pendent on the coverage radius, due to the changing geometric relationships between the

HAPS, the coverage area, and the UE distribution. This means that, for a given UE spa-

tial pattern, the absolute values of optimal antenna parameters will differ according to the

scale of the coverage region. Consequently, directly training a neural network to predict

absolute antenna parameters across multiple coverage radii would lead to inconsistent

supervision and suboptimal generalization.

To overcome this issue and enable a unified neural network model applicable to arbi-

trary coverage radii, we introduce a normalization framework for the antenna parameters.

Instead of training the network to regress absolute parameter values, we derive a set of

conversion formulas that transform the original antenna parameters into unit-normalized

variables. These variables encode the spatial configuration of each beam as a proportion

of the coverage radius, thereby eliminating direct dependence on the coverage scale. In

this way, the network is trained to output these normalized variables, which can be ef-

ficiently converted back to the appropriate absolute parameter values for any specified

coverage radius by applying the inverse transformation.

This normalization approach is grounded in the observation that the geometric rela-

tionships governing the interaction between UE spatial distribution and optimal cell con-

figuration are fundamentally invariant to scale when expressed in unit-relative terms. By

projecting beam direction angles and beamwidths onto the 2D UE distribution plane and

representing them through trigonometric relationships as normalized distances, we create
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a consistent and physically meaningful numerical representation that is suitable for learn-

ing and generalizes across deployment scenarios. The detailed theoretical formulation of

these conversion steps is presented in the this section.

To formalize this normalization procedure, we begin by recalling the set of four opti-

mal antenna parameters for the k-th cell θdir, ϕdir, θ3dB, ϕ3dB, the HAPS altitude h, and the

coverage radius R. The key idea is to transform these ground truth angular parameters into

spatial variables that are expressed relative to the coverage radius. Therefore, we define

four alternative ground truth variables cu
k,x, cu

k,y, du
k,θ, du

k,ϕ. These unit variables are derived

by projecting the beam direction angle and beamwidth onto the 2-dimensional coverage

plane, replacing the original absolute antenna parameters.

Specifically, let ck = [ck,x, ck,y] denote the 2D vector representing the projected beam

center location on the UE distribution plane, defined with respect to the HAPS altitude

and the beam direction angle. Let dk,θ represent the projected distance from the beam

center to the far edge of the vertical beamwidth, and dk,ϕ represent the projected distance

from the beam center to the horizontal beamwidth edge. These intermediate values serve

to preserve the spatial geometry of the beam structure and form the basis for the unit-

variable representation. The transformation from the original antenna parameters to these

intermediate geometric variables is given by the formulas as follows:

ck,x = h tan θdir,k cos ϕdir,k,

ck,y = h tan θdir,k sin ϕdir,k,

dk,θ = h tan
(
θ3dB,k

2
+ θdir,k

)
− ∥ck∥,

dk,ϕ =
√
∥ck∥

2 + h2 tan
(ϕ3dB,k

2

)
.

(5.4)
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To normalize these variables, we divide each of those by the coverage radius R, re-

sulting in the unit-normalized variables used as the following training ground truth:

cu
k,x =

ck,x

R
,

cu
k,y =

ck,y

R
,

du
k,θ =

dk,θ

R
,

du
k,ϕ =

dk,ϕ

R
.

(5.5)

Therefore, during training, the neural network is supervised to predict the four unit-

normalized variables cu
k,x, cu

k,y, du
k,θ, du

k,ϕ for each beam.

At inference time, to obtain the absolute antenna parameters for any desired coverage

radius R′, the unit variables are first rescaled by R′ as follows:

c′k,x = R′cu
k,x,

c′k,y = R′cu
k,y,

d′k,θ = R′du
k,θ,

d′k,ϕ = R′du
k,ϕ.

(5.6)

Finally, the absolute antenna parameters are reconstructed by inverting the geometric re-

lationships, as expressed in the following formulas:

θ′3dB,k = 2
(
tan−1

(
∥c′k∥ + d′k,θ

h

)
− tan−1

(
∥c′k∥

h

))
,

ϕ′3dB,k = 2 tan−1

 d′k,ϕ√
∥c′k∥2 + h2

 ,
θ′dir,k = tan−1

(
∥c′k∥

h

)
,

ϕ′dir,k = tan−1

c′k,y
c′k,x

 .

(5.7)

This formulation enables the network to learn a scale-invariant, normalized represen-

tation of antenna configuration parameters, while ensuring accurate and lossless recovery
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of the true beam directions and beamwidths for any specified HAPS deployment. By en-

coding the essential spatial relationships in this manner, we achieve robust generalization

and practical deployment flexibility across arbitrary coverage radii.

5.3.3 Beam Assignment

A key challenge in training neural networks for multi-cell beamforming optimization is

the inherent order ambiguity of ground truth data. In our problem, for each UE distri-

bution, the set of antenna parameters, i.e., beam direction angles and beamwidths, cor-

responding to the K beams is fundamentally order-independent. The HAPS system can

apply any permutation of these K parameter sets to the physical beams, as long as the

resulting configuration is consistent. However, the neural network output structure im-

poses a fixed ordering, i.e., each output group is associated with a specific index. If the

correspondence between output and ground truth is inconsistent, this creates ambiguity

during training, hindering the network’s ability to learn the true relationship between input

features and beam configurations.

This order ambiguity can lead to degraded performance, as the network may be pe-

nalized for predicting the correct set of parameters in an order different from the arbitrary

ground truth order in the dataset. Importantly, there is no robust or general rule to consis-

tently determine a canonical order for the beams in ground truth, since the optimized cell

configuration is determined by complex, non-interpretable relationships between the UE

distribution and the resulting beam parameters. As a result, enforcing a fixed ordering in

the data is both impractical and unreliable.

To address this problem, we introduce an assignment-based loss function into the

network training process, enabling the network to learn directly from order-independent

ground truth. The central idea is to permit a flexible one-to-one mapping between the

predicted beam parameters and the ground truth, selecting the assignment that yields the

minimum loss at each training step. Concretely, for each training example, we solve a

linear assignment problem between the K predicted parameter groups and the K ground

truth groups, finding the pairing that minimizes the total MSE across all beams. This
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Figure 5.2. Illustration of the beam-to-beam assignment between network outputs and ground
truth data.

procedure is visually illustrated in Fig. 5.2, where solid lines denote the minimum-loss

assignment and dashed lines denote higher-loss alternatives.

Let Y = [y1, y2, . . . , yK] denote the predicted antenna parameter groups for K beams,

and T = [t1, t2, . . . , tK] the corresponding ground truth groups. We define a K × K cost

matrix L, where each element li j is the MSE between predicted parameters yi and ground

truth t j:

li j =
1
D
∥yi − t j∥

2
2, (5.8)

where D is the dimensionality of each parameter group. In our case, D equals 4 because

we optimize four parameters for each beam. The minimum-loss assignment π∗ is found

by solving:

π∗ = argmin
π∈S K

K∑
i=1

li,π(i), (5.9)
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where S K is the set of all permutations of {1, 2, . . . ,K}. The final loss for this training

instance is then given by:

Lassign =
1
K

K∑
i=1

li,π∗(i). (5.10)

This is a classical linear assignment problem, for which we employ the Jonker–Volgenant

(JV) algorithm, a widely adopted method for fast assignment computation. The JV algo-

rithm solves the assignment problem exactly in polynomial time, ensuring computational

efficiency even as the number of beams increases. By minimizing the assignment-based

loss Lassign, the network is trained to output beam parameter sets that match the ground

truth in a permutation-invariant manner, overcoming the order ambiguity and ensuring

robust learning.

This approach eliminates the need for any rule-based sorting of beams and guarantees

that, for every input UE distribution, the learned mapping is both correct and agnostic

to the original ordering of the ground truth. As a result, the neural network achieves

improved performance and reliability in predicting cell configurations for dynamic and

complex UE distributions.

5.4 Evaluation

5.4.1 Experiment Specifications

In the evaluation of our proposed neural network-based beamforming approach, we em-

ploy a comprehensive dataset of real-world UE distributions, consistent with the data

source used for the first method. Specifically, the UE location data are collected from

AGOOP Corp. [154]. To facilitate supervised learning and rigorous performance assess-

ment, we construct a large-scale dataset comprising 40,000 distinct UE distribution sam-

ples. This dataset is generated by first selecting 20,000 unique coverage area centers

across the entire region of Japan. For each center, we sample UE locations from the real-

world data under two different coverage radii: 30 km and 50 km. The UE distribution
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in each coverage area is caused by the influence of distinct geographical features and hu-

man activities. As a result, our dataset contains 20,000 UE distributions for each coverage

radius, providing a balanced and diverse representation of practical deployment scenarios.

The dataset is divided into training and testing subsets according to a standard 8:2

split, yielding 32,000 distributions for training and 8,000 for testing. Since each UE

distribution sample is distinct in terms of both the coverage center and distribution char-

acteristics, this ensures that the data in the test set remains diverse and unseen, thereby

enabling a thorough evaluation of the model’s generalization capability. During evalua-

tion, we report the average optimization performance on the test subset, which consists

of 4,000 UE distributions for the 30 km radius and 4,000 for the 50 km radius, respec-

tively. To provide detailed insights, we further present results for several representative

example coverage areas. Two representative example areas are selected for each cover-

age radius and illustrated in Figs. 5.3 and 5.4, enabling visualization of the optimization

results across different spatial scenarios and coverage sizes. As in the first method, the

underlying maps are generated using OpenMapTiles and OpenStreetMap data [155].

In this evaluation, we focus on a 3-cell HAPS system, for which ground truth an-

tenna parameters are generated using the PSO-based optimization approach presented in

Chapter 4. For each UE distribution in the dataset, we uniformly sample 3,000 UEs to

ensure statistical consistency with the simulation environment adopted in prior experi-

ments. Recognizing that the PSO algorithm exhibits inherent performance variability

across runs, we perform 30 independent optimization runs for each distribution and select

the best-performing result, i.e., the parameter set yielding the lowest fitness score,as the

ground truth solution. This strategy ensures that the training supervision is based on the

most effective configurations discovered by the state-of-the-art optimization method.

The fitness score for each distribution is evaluated using the same objective function

defined in Chapter 4, maintaining consistency with earlier chapters and ensuring a fair

benchmark for both training and evaluation. Details of the training settings are summa-

rized in Table 5.1. Specifically, the neural network is trained for 200 epochs using a
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(a)

(b)

Figure 5.3. Illustration of two example HAPS coverage areas for 30 km coverage radius. (a)
Coverage area 1 in the Mie Prefecture. (b) Coverage area 2 in the Chiba Prefecture.
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(a)

(b)

Figure 5.4. Illustration of two example HAPS coverage areas for 50 km coverage radius. (a)
Coverage area 1 in the Yamanashi Prefecture. (b) Coverage area 2 in the Nagano prefecture.
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Table 5.1. Training settings.

Configuration Value

Optimizer AdamW

Base learning rate 2.5e-4

Weight decay 0.01

Optimizer momentum β1, β2 0.9, 0.999

Stability constant ϵ 1e-8

Learning rate schedule One-cycle policy

Batch size 32

Epochs 200

batch size of 32, employing the AdamW optimizer with a one-cycle learning rate sched-

ule [159, 160]. This combination is selected to facilitate stable convergence and robust

generalization across the diverse UE distribution scenarios present in the dataset.

To comprehensively evaluate the effectiveness of our proposed neural network ap-

proach, we compare its performance with several baseline methods and model variants.

As the primary benchmark, we consider the PSO-based optimization method from Chap-

ter 4 under three scenarios: the best-achieved performance, i.e., the ground truth as pre-

viously described, the average performance across 30 independent optimization runs for

each UE distribution, and the worst-case performance observed among these runs. This

comprehensive assessment characterizes both the optimality and variability of iterative

optimization.

In addition, we include the MLP-based neural network method proposed in [81], as

discussed in the related work section, to provide direct comparison with the most relevant

existing learning-based approach. To further analyze the contribution of our model de-

sign, we evaluate three variants of our ConvNeXt V2-based model. The first variant is the

ConvNeXt V2 Large model without the proposed beam assignment mechanism. The sec-

ond variant is a lightweight ConvNeXt V2 Atto model incorporating the beam assignment

mechanism. The third variant is the ConvNeXt V2 Large model with beam assignment
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enabled. The computational complexities of the Large and Atto models are 34.4 GFLOPs

and 0.55 GFLOPs, respectively. Since FLOPs are directly related to the computational re-

sources required for inference, the evaluation of these variants assists in assessing model

performance under deployment settings with varying computational constraints.

By including both optimization-based and learning-based baselines, as well as abla-

tion variants of our model, we systematically examine the impact of model capacity and

the beam assignment mechanism on performance. This comprehensive comparison en-

ables a rigorous assessment of the advantages of our approach relative to established and

state-of-the-art alternatives.

5.4.2 Optimization Performance

For a comprehensive comparison, we present the average CDF of UE throughput for the

4,000 UE distributions in the 30 km test set and the 4,000 distributions in the 50 km test

set, as shown in Fig. 5.5(a) and Fig. 5.5(b), respectively. Through the CDF results, we can

fairly compare the performance of different methods across all UEs within the coverage

area, considering the entire range from lowest throughput to highest throughput levels.

Overall, the CDF curves indicate that the proposed method approximates the throughput

distribution achieved by the PSO-based ground truth, with the ConvNeXt V2 Large model

most closely approaching the ground truth. Furthermore, the CDF results show that the

relative performance among the compared methods remains consistent between the 30

km and 50 km cases.

The MLP-based method demonstrates significantly degraded performance, falling

short even when compared to the worst-case PSO-based results. This outcome confirms

that the MLP-based method fails to capture the complexity of the task, as it lacks the

capacity to optimize the full set of antenna parameters. The ConvNeXt V2 Large model

without beam assignment also shows poor throughput performance, demonstrating that,

even with a state-of-the-art architecture, meaningful learning does not occur without beam

assignment due to confusion from the order-independent ground truth data.
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(a)

(b)

Figure 5.5. Average CDF of UE throughput. (a) 30 km coverage radius. (b) 50 km coverage
radius.
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(a)

(b)

Figure 5.6. CDF of UE throughput for 30 km coverage radius. (a) Example area 1. (b) Example
area 2.
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(a)

(b)

Figure 5.7. CDF of UE throughput for 50 km coverage radius. (a) Example area 1. (b) Example
area 2.
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(a)

(b)

Figure 5.8. SINR distribution in the two example areas for 30 km coverage radius. (a) Example
area 1. (b) Example area 2.
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(a)

(b)

Figure 5.9. SINR distribution in the two example areas for 50 km coverage radius. (a) Example
area 1. (b) Example area 2.
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The ConvNeXt V2 Atto model with beam assignment outperforms these above two

methods but is still worse than the average PSO-based performance. Specifically, the

performance gap narrows as throughput increases, but widens in the lower throughput

range. However, the Atto model outperforms the worst-case PSO results, confirming that

even a lightweight version of the proposed method can deliver acceptable performance.

In contrast, the ConvNeXt V2 Large model with beam assignment surpasses the PSO

average and closely matches the ground truth, particularly across most of the throughput

range. A slight gap remains in the low-throughput tail, which is attributed to the sensitiv-

ity of throughput performance to minor deviations in the predicted antenna parameters.

Even with well-trained models, exact numerical prediction is inherently limited by the

regression formulation and the use of a linear output layer.

In addition, we explicitly plot the CDF curves for the example areas in both the 30 km

and 50 km coverage scenarios, as shown in Figs. 5.6 and 5.7, respectively. Although the

CDF curves show different patterns across example areas, the relative performance re-

mains consistent with the average results, demonstrating the robust overall performance

of our proposed method. For these example areas, we also plot the corresponding SINR

distributions obtained by applying the beamforming results from the ConvNeXt V2 Large

model with beam assignment, as shown in Figs. 5.8 and 5.9. These visualizations provide

clear insight into cell configuration and further highlight the effectiveness of our cell opti-

mization approach. In each example area, it is observed that cells are properly configured

to match the UE distributions: cell boundaries are positioned in areas of relatively low

UE density to reduce inter-cell interference, while UE numbers are balanced across cells

to improve throughput fairness.

To further highlight the performance across diverse UE distribution scenarios, we ex-

plicitly present both the CDF of throughput and the SINR distribution for four additional

coverage areas with radii of 30 km and 50 km, respectively. The UE distributions with

SINR are shown in Figs. 5.10 and 5.11. The CDF results are shown in Figs. 5.12 and

5.13.
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(a) (b)

(c) (d)

Figure 5.10. SINR distribution in additional example areas for 30 km coverage radius.

(a) (b)

(c) (d)

Figure 5.11. SINR distribution in additional example areas for 50 km coverage radius.
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(a) (b)

(c) (d)

Figure 5.12. CDF of UE throughput in additional example areas for 30 km coverage radius.

(a) (b)

(c) (d)

Figure 5.13. CDF of UE throughput in additional example areas for 50 km coverage radius.
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Overall, the results demonstrate that our proposed method effectively addresses both

the challenge of real-time optimization and the instability inherent in the PSO-based

method. Unlike PSO, which suffers from run-to-run variability, the neural network model

provides consistent predictions, with performance reliably exceeding the PSO average.

Furthermore, the scalability of the ConvNeXt V2 architecture allows deployment flex-

ibility: higher throughput performance can be achieved when HAPS system resources

permit the use of larger models, while lighter models can still deliver robust results under

resource-constrained conditions.

5.5 Conclusion

This chapter has presented a novel deep learning-based method for multi-cell beamform-

ing optimization in HAPS systems. Building on the strengths of advanced convolutional

architectures, we have established a unified framework that directly predicts the full set

of antenna parameters from raw UE spatial distributions, efficiently addressing both real-

time operation and deployment across wide-area coverage regions with diverse and dy-

namic UE distributions.

The proposed approach leverages a robust spatial density encoding to represent UE

distributions, applies a scale-invariant normalization for antenna parameters to enable

generalization across different coverage radii, and incorporates a permutation-invariant

assignment-based loss function to address the order ambiguity of ground truth data.

Extensive experiments on real-world datasets demonstrate that the proposed approach

achieves throughput performance comparable to state-of-the-art iterative optimization,

while substantially reducing computational cost, instability, and inference time associated

with online search-based methods. The results further confirm that the model architecture

is flexible and scalable, adapting to various hardware and deployment constraints without

compromising performance.

Overall, this work advances the frontier of learning-based beamforming optimization

for HAPS and provides a practical solution for robust and efficient multi-cell coverage

optimization across a wide range of deployment scenarios and user distribution patterns.
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Chapter 6

Conclusions and Future Work
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6.1 Contributions

This thesis has made substantial advances in the field of dynamic multi-cell beamform-

ing optimization for HAPS systems, addressing both algorithmic challenges and practi-

cal requirements for intelligent network deployment. Two complementary frameworks,

clustering-aided optimization and neural network approach, were proposed, thoroughly

analyzed, and rigorously validated on large-scale, real-world datasets in Chapters 4 and 5.

The clustering-aided optimization method reduces the computation time required to achieve

a good optimization quality compared to other iterative search methods, while the neu-

ral network approach guarantees fast inference powered by GPU. These contributions

solidify the foundations for the effective operation of HAPS systems in real-world envi-

ronments.

At the algorithmic level, the first major contribution, presented in Chapter 4, is the

design of a clustering-aided PSO optimization framework that incorporates a novel regu-

lated K-means clustering method. This approach effectively overcomes the limitations of

conventional clustering by ensuring balanced cluster sizes, enabling more precise search

range definition for antenna parameters, and improving the global optimality and fair-

ness of multi-cell configurations in HAPS deployments. Through extensive simulations,

this method demonstrated consistent superiority over existing iterative search algorithms,

particularly in handling highly heterogeneous and complex user distributions.

The second core contribution, detailed in Chapter 5, is the development of a deep

learning-based solution leveraging the ConvNeXt V2 architecture. By introducing a ro-

bust spatial density encoding for UE distributions, a scale-invariant antenna parameter

normalization technique, and a permutation-invariant assignment-based loss, this frame-

work enables end-to-end prediction of all antenna parameters directly from raw spatial

data. The neural model achieves throughput performance comparable to the best iterative

methods while drastically reducing inference time and eliminating run-to-run variability,

which is crucial for real-time and large-scale deployment scenarios. The adaptability and

efficiency of this approach set a new standard for practical, intelligent control in HAPS

systems.
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Beyond the algorithmic innovations, this thesis advances the integration of HAPS as a

pivotal platform within future wireless network architectures, with particular emphasis on

enabling efficient, scalable, and flexible support for massive IoT connectivity. By bridg-

ing robust optimization methods with scalable learning-based inference, the work lays

a technical foundation for the autonomous, adaptive, and resilient operation of HAPS

in support of global coverage, high-capacity broadband, and the evolving demands of

next-generation mobile networks. The frameworks and methodologies developed herein

directly contribute to the vision of HAPS as a core enabler of intelligent NTN and a

transformative component within the broader ecosystem of B5G and 6G wireless com-

munications.

6.2 Future Work

While this thesis has made significant progress toward efficient multi-cell beamforming

optimization for HAPS systems, several open challenges and limitations remain. The cur-

rent methods, though effective at improving throughput and fairness, still face constraints

in terms of fully capturing the diversity and non-stationarity of real-world UE distribu-

tions, as well as adapting to rapid environmental and network dynamics. In particular,

ensuring robust generalization to highly irregular, previously unseen UE patterns and sup-

porting seamless adaptation under time-varying or mobility-driven scenarios continue to

pose difficulties. Moreover, further gains in efficiency and reliability are necessary for

practical deployment at even larger scales or under stringent resource constraints.

Future work should focus on advancing the core algorithmic frameworks to address

these challenges. Investigating more powerful neural architectures, such as those in-

corporating attention mechanisms, spatio-temporal modeling, or graph-based represen-

tations, may help the models better capture complex spatial and temporal dependencies

among UEs. Exploring hybrid approaches that integrate deep learning with iterative op-

timization or domain-knowledge-driven constraints could enhance both solution quality

and interpretability. In addition, the adoption of reinforcement learning or meta-learning

frameworks could enable continual adaptation to evolving UE distributions and network
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environments with minimal supervision. Such advancements would further align with

the ultimate goal of enabling intelligent, autonomous, and scalable HAPS systems that

can deliver robust, high-quality wireless connectivity across a wide range of deployment

scenarios.

Future work should also consider RIS-enhanced beamforming, where reconfigurable

intelligent surfaces are deployed within the coverage region to reflect and shape signal

propagation in coordination with HAPS beams, potentially improving spatial coverage

and adaptability in challenging deployment scenarios. Generative models are also a

promising direction, particularly for synthesizing diverse UE distributions to enrich train-

ing and evaluation, and potentially for developing novel inference frameworks that di-

rectly generate beamforming configurations.

As HAPS deployments evolve toward broader and more complex configurations, fu-

ture research should explore the potential of multi-HAPS collaboration, where multiple

platforms jointly serve large and possibly overlapping coverage areas. While this the-

sis focuses on a single-HAPS scenario, practical implementations are likely to involve

multiple HAPSs operating in parallel to support wider geographic regions, denser UE

populations, and more diverse service requirements. This expanded setting introduces

new challenges for beamforming optimization, including inter-HAPS interference coor-

dination, collaborative cell configuration, and dynamic UE association across platform

boundaries. Addressing these challenges will require scalable optimization frameworks

that operate under decentralized conditions and adapt effectively to local variations.

To support such distributed operation, advanced learning-based approaches such as

federated learning and multi-agent reinforcement learning (MARL) should be further ex-

plored. Federated learning enables each HAPS to train models locally on observed UE

distributions while synchronizing model updates across platforms without sharing raw

data, supporting communication efficiency and data privacy. MARL allows each HAPS

to act as an autonomous agent that learns to optimize its own beamforming strategy while

coordinating with other platforms to improve overall system performance. When multiple

HAPS platforms operate as federated learning nodes, they form a distributed intelligent
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layer that enables scalable deployment across large regions. This architecture provides a

foundation for the integration of multi-cell HAPS systems into broader SAGIN environ-

ments, where the beamforming optimization framework developed in this thesis can serve

as a core component to support intelligent and adaptive network-wide connectivity.

Beyond algorithmic improvements, future research should further explore the diverse

roles of HAPS systems as they become an integral part of next-generation wireless net-

work architectures. As a representative platform within the broader family of NTN, HAPS

are expected to play a pivotal role in bridging coverage gaps, supporting rapid deploy-

ment, and enabling resilient connectivity in B5G and 6G systems. In particular, the in-

tegration of HAPS into advanced network paradigms such as SAGIN will create new

opportunities and challenges for dynamic multi-cell configuration. These scenarios will

demand optimization frameworks capable of addressing heterogeneous service require-

ments, supporting high user mobility, and adapting to rapidly changing environments

across large spatial and temporal scales.

Furthermore, with the anticipated proliferation of massive IoT deployments and the

convergence of terrestrial and non-terrestrial infrastructures, dynamic HAPS cell config-

uration will become increasingly important for meeting diverse application demands and

ensuring efficient spectrum utilization. Continued research should therefore focus on the

development, validation, and field demonstration of robust multi-cell optimization solu-

tions for HAPS in these evolving scenarios. Semantic-aware optimization may also be

considered, where future beamforming strategies take into account the contextual impor-

tance of transmitted data. This could enable multi-cell HAPS systems to dynamically

allocate resources based on traffic semantics, helping address diverse QoS requirements

and improving spectrum efficiency in IoT-dense environments. This will be essential for

realizing the vision of intelligent, flexible, and universally accessible wireless networks

in the coming generations of mobile communication.

Pursuing these research directions will enable the optimization and learning frame-

works developed in this thesis to evolve alongside the rapidly advancing landscape of

wireless communications. In doing so, they will support the increasing demands of
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intelligent network management and help pave the way for robust, flexible, and high-

performance connectivity in future wireless systems.
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1. W. Dai, S. Yang, Y. Yin, M. Bouazizi, and T. Ohtsuki, “A Clustering-Aided Opti-

mization Algorithm for Antenna Beamforming in Multicell HAPS Systems,” IEEE
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