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Abstract

Recent advancements in satellite launch technologies and phased array antennas have enabled

large constellations of spaceborne non-terrestrial networks (NTNs), such as medium Earth

orbit (MEO) and low Earth orbit (LEO) systems, to provide global broadband and direct-to-

cell connectivity, complementing terrestrial network infrastructure. However, current NTN

payloads are mostly (digitally) transparent, functioning as bent-pipe relays with limited chan-

nelization, which restricts their ability to dynamically optimize scarce communication and

computational resources (e.g., power, bandwidth, and computing capabilities). This, in turn,

has led to inefficient satellite spectrum utilization, increased reliance on ground stations, and

challenges in maintaining ubiquitous connectivity during frequent satellite handovers (HOs).

To achieve seamless connectivity and meet the key performance indicators (KPIs) en-

visioned by the International Mobile Telecommunications (IMT)-2030 framework for sixth-

generation (6G) networks, this thesis investigates next-generation non-terrestrial network

satellite architectures. These architectures integrate full gNodeB (gNB) functionality along

with on-board caching to support user-centric intelligent services that adapt dynamically

to changing user demands by fully exploiting the available communication and computa-

tional resources. They are designed to be fully reconfigurable and incorporate advanced

on-board interference mitigation techniques enabled by flexible bandwidth resource manage-

ment strategies, as well as inter-satellite link (ISL) connectivity to support frequent HOs

without reliance on ground stations. This advanced regenerative architectural (fully digital)

approach addresses many of the inherent challenges of NTNs, particularly those associated

with their non-geostationary nature, and aligns with ongoing standardization efforts led by

key telecommunications regulatory bodies such as the 3rd Generation Partnership Project

(3GPP).
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Building on this foundation, the thesis makes three main contributions to fully leverage

the capabilities of such systems: (i) the design of the flexible resource management algorithm

for LEO satellites (FLARE-LEO), which efficiently optimizes satellite radio resources for

both HO and non-HO scenarios, enabling the delivery of the user-centric media contents

in the soonest manner; (ii) the development of an on-demand, flexible Satellite-as-a-Service

(SaaS) framework, capable of performing and delivering critical Earth observation (EO) tasks

in near-real-time through on-board computation within space-air-ground integrated network

(SAGIN) nodes under diverse beam management schemes; and (iii) the integration of IMT-

envisioned advanced capabilities, including integrated sensing and communication (ISAC)

and artificial intelligence (AI), to enable intelligent and seamless HOs, ensuring uninterrupted

connectivity.

Firstly, FLARE-LEO is proposed to jointly optimize bandwidth, power, and spot beam

coverage based on realistic geographic user distributions. It employs unsupervised K-means

clustering followed by a successive convex approximation (SCA)-based iterative algorithm.

The design also supports multi-spot beam multicasting, spatial multiplexing, caching, and

HO-aware transmission. Two joint transmission architectures are proposed for HO periods,

leveraging deep learning (DL) for downlink channel state information (CSI) prediction. The

simulation results demonstrate a significant reduction in delivery time and robustness under

imperfect CSI.

Secondly, a three-tier SaaS framework comprising a serving LEO satellite (first-tier), ad-

jacent intra- and inter-orbit LEO satellites (second-tier), and a cloud-aided gateway (third-

tier) to collaboratively perform on-demand EO tasks is formulated to minimize worst-case

service completion time through optimized computation and communication allocation. The

resulting non-linear, non-convex, non-deterministic polynomial-time (NP)-hard problem is

addressed via an SCA-based iterative algorithm. Additionally, HO-aware delivery strategies

are proposed for both Earth-fixed and Earth-moving beam configurations. Simulations indi-

cate a noticeable improvement in task completion time over reference strategies, with robust

performance under imperfect CSI.

Lastly, a novel make-before-break HO mechanism for utilizing ISAC at ground terminals

(GTs) is designed. This novel design generates realistic three-dimensional (3D) beampatterns,

enabling GTs to sense approaching LEO satellites while maintaining communication with

the currently serving LEO satellite. The design problem is highly challenging due to its non-
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convexity and mixed-integer nature, which is solved using Riemannian manifold optimization

and closed-form solutions. For multi-GT scenarios, a multi-agent deep reinforcement learning

(MADRL) framework is introduced to mitigate sensing collisions and ensure quality-of-service

under shared spectrum constraints. Numerical results validate improved communication–

sensing trade-offs, smooth HO performance, and robustness under imperfect CSI.
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Chapter 1
Introduction

1.1 Background and Motivation

With the unveiling of the iPhone 14’s SOS emergency text message service via satellite on

September 16, 2022 [1], the space industry has undergone significant disruption, driven by

efforts to connect the world to the Internet via low Earth orbit (LEO) satellites. These

efforts aim to address the unprecedented demand for mobile data traffic and to support the

vision of a ‘Global Village’ with 100% connectivity [2]. Companies such as SpaceX, Eutelsat

OneWeb, Amazon’s Project Kuiper, Telesat, and Shanghai Spacecom Satellite Technology are

competing to deploy large constellations of LEO satellites [3], with the aim of complementing

terrestrial networks (TNs) by providing global broadband and direct-to-cell (D2C) services

through their large footprints.

The latest industrial advancements in this domain include the ongoing deployment of

SpaceX’s second-generation Starlink satellites (V2 Mini), which began with their first launch

in Feb. 2023. These satellites offer up to four times the capacity of their predecessors,

enable D2C connectivity, and come equipped with advanced technologies like optical inter-

satellite links (ISLs), phased-array beamforming, digital signal processing, and on-board eN-

odeB modems [4]. These features facilitate the provision of Long-Term Evolution (LTE)

and fourth-generation (4G) services, including messaging, data, and video calls on standard

mobile devices. Demonstrations showcasing these service features have been carried out in

collaboration with terrestrial telecom operators such as T-Mobile and Entel. The design

of Starlink V2 Mini makes use of steerable high-gain beams and optical ISLs to improve

satellite coordination, enhance spectrum efficiency, and ensure compliance with International

1
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Telecommunication Union (ITU) regulations, while also remaining compatible with both ter-

restrial and non-terrestrial systems [5].

Similarly, OneWeb, in collaboration with the European Space Agency and the UK Space

Agency Sunrise Programme, deployed JoeySat in May 2023 to demonstrate beam-hopping

(BH) and on-board processing technologies intended for its upcoming satellite constellation

[6]. Although JoeySat does not currently facilitate ISLs due to the company’s decision in

Jul. 2018, driven by existing regulatory constraints, it relies on more than 40 ground-based

gateways (GWs) worldwide for global service, each capable of handling satellite connections

up to 4,000 kilometers (slant distance). This ground-based reliance causes latency variation

and limits seamless handovers (HOs). Therefore, alternative approaches must be considered

to achieve seamless HOs with the assistance of ground terminals (GTs).

Meanwhile, the European Union is set to launch its second-generation Galileo satellites

(Galileo G2), with initial launches scheduled from 2026 onward. These advanced versions of

Galileo satellites will fully feature digital navigation payloads, electric propulsion, improved

antennas, ISLs, and advanced atomic clocks to deliver more robust global positioning, navi-

gation, and timing services [7].

Thanks to SpaceX’s partially reusable Falcon launch system, the cost of orbital launches

has dropped significantly [8]. This reduction has enabled the deployment of payloads capable

of performing orbital edge computing, substantially enhancing the computational power of

non-terrestrial network (NTN) satellites, accelerating progress toward beyond fifth-generation

(B5G) and sixth-generation (6G) objectives such as seamless global connectivity and support

for high-demand applications across geographical barriers.

To support these advancements, fully regenerative payload architectures are preferred

over transparent payload architectures for orbital edge computing. The key reason is that

a fully regenerative payload supports on-board baseband processing, allowing the NTNs to

implement complete gNodeB (gNB) functionalities such as modulation/demodulation, encod-

ing/decoding, switching, routing, etc., directly on the platform. In contrast, a transparent

payload architecture simply functions as a bent-pipe relay, capable only of frequency transla-

tion and power amplification for uplink and downlink signals, without any signal regeneration

or intelligent processing capabilities [9]. Moreover, this architectural shift highlighted in Re-

lease (Rel.) 16 of 3rd Generation Partnership Project (3GPP) [9], is well aligned with the

International Mobile Telecommunications (IMT)-2030 vision [10, 11]. As illustrated in Fig-
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ure 1.1, this vision outlines the foundation for 6G, which aims to support three new transfor-

mative capabilities: ubiquitous connectivity, integrated artificial intelligence (AI) and com-

munications, and integrated sensing and communication (ISAC). To realize these capabilities,

6G introduces enhanced key performance indicators (KPIs). For e.g., the user-experienced

data rate is expected to reach 1 Gbps, and spectral efficiency (SE) is targeted to improve

sixfold.
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Figure 1.1: The evolution of KPIs and usage scenarios of 6G [10,11].

In this thesis, we focus on achieving ubiquitous connectivity while focusing on several key

6G KPIs, including SE, user-experienced data rate, and latency, as outlined by IMT-2030. We

prioritize fully regenerative payload-enabled spaceborne NTNs, which include geostationary

Earth orbit (GEO), medium Earth orbit (MEO), and LEO satellites, over airborne NTNs

such as unmanned aerial vehicles (UAVs) and high-altitude platforms (HAPs), due to their

orbital stability and global coverage capabilities. Moreover, refueling airborne NTN satellites

poses significant operational challenges and inefficiencies while maintaining continuous user

connectivity [12].

These considerations are crucial for proposing next-generation satellite system architec-

tures that can support intelligent, autonomous operations. In the following section, we explore

the technical evolution ranging from conventional bent-pipe systems to fully reconfigurable

next-generation satellite system architectures, and examine how this shift is being shaped by
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ongoing standardization efforts such as those led by Digital Video Broadcasting (DVB) and

3GPP.

1.2 Evolution of SatCom in Line with the Standardization

Perspective

This section presents the essential technical background for the work in this thesis on on-

board communication and computation, emphasizing the architectural shift from conventional

satellite systems to the proposed next-generation satellite architecture (see Figure 1.2), which

is aligned with ongoing standardization efforts.

Conventional single-beam satellite systems typically operate as bent-pipe relays, where

the on-board transparent payload is limited to basic radio frequency (RF) operations such

as uplink signal filtering, frequency conversion, and power amplification prior to downlink

transmission [9]. The Digital Video Broadcasting – Satellite (DVB-S) standard, created and

published by the European Telecommunications Standards Institute (ETSI) in 1995 [13],

governs the widespread usage of these systems for direct-to-home (DTH) television services.

To meet the growing demand for satellite services, modern high-throughput satellite

(HTS) systems have advanced beyond conventional single-beam architectures by significantly

enhancing capacity and SE. In contrast to traditional satellites, HTS uses multiple tightly

focused beams, frequency-color reuse, and BH techniques to optimize spectrum utilization

and reduce interference [14]. These advancements are made possible through on-board digi-

tal transparent payloads (DTP) and phased array antennas, which enable restricted flexible

channelization (not fully flexible), switching, and routing capabilities tailored for broadcast

and multicast services [15].

The DVB Project has played a crucial role in the standardization of HTS technologies,

particularly through the development of DVB-S2 (the second generation of the DVB-S stan-

dard) and DVB-S2X (an enhanced extension released in 2014), which introduce several key

improvements such as higher modulation orders, finer modulation and coding schemes, su-

perframes for backhaul, and enhanced operational modes tailored to diverse applications and

environments [16].

Despite these advancements, the capabilities of HTS still remain constrained due to lim-

ited channelization and only rudimentary power control/sharing among carriers. Addition-
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ally, frequency reuse strategies based on color reuse scheme become increasingly complex

with the growth of spot beams and satellites in NTNs, requiring careful planning. More

importantly, these systems lack the ability to dynamically reconfigure beam patterns or au-

tonomously adapt to changing traffic demands, highlighting the need for software-defined,

intelligent satellite architectures.

This ongoing evolution, from single-beam to HTS to intelligent, reconfigurable next-

generation satellites, is illustrated in Figure 1.2, which highlights the progressive enhancement

in on-board functionality, flexibility, and service capability.
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In recent years, to support emerging services such as on-demand broadband and direct-

to-cell connectivity, satellite operators have been exploring techniques to deliver performance
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to complement TNs. One key approach is the adoption of full-frequency reuse (FFR) to

maximize SE. However, FFR introduces significant interference, which makes signal decoding

at GTs more difficult. Mitigating this interference effectively requires on-board analysis of

incoming data packets. This, in turn, demands gNB-like functionality that includes decoding,

processing, and forwarding, directly on the satellite. From a standardization perspective,

this marks a shift from transparent to regenerative payloads and enables intelligent on-board

processing.

Researchers are also exploring ways to split the full gNB functionality on-board NTNs

into Central Unit (CU) and Distributed Unit (DU) components, to reduce the high capital

expenditures (CapEx) and operating expenditures (OpEx) associated with payload launch

costs and high on-board power consumption. This architectural shift has been under discus-

sion within the NTN community since the 3GPP Rel. 16 meetings [17]. The CU typically

manages higher-layer protocols such as Radio Resource Control, Packet Data Convergence

Protocol, and Service Data Adaptation Protocol, and supports functions including network

slicing, connection management, and mobility management. In contrast, the DU may option-

ally host both the lower and higher physical layer functionalities, or only the higher physical

layer, along with Medium Access Control and Radio Link Control protocols responsible for

data segmentation and integration, scheduling, and multiplexing [18].

Initially, leading companies working in this domain focused primarily on minimizing pay-

load complexity, often overlooking other aspects of the communication system. When 3GPP

initiated Rel. 19 work package in Jan. 2023 to guide the transition from fifth-generation (5G)

to 6G, the CU-DU functional split architecture gained strong support. Inspired by the next-

generation radio access network split gNB model, which was introduced in 3GPP Rel. 15, this

approach appeared to reduce on-board complexity. As a result, placing the gNB-DU on the

satellite and the gNB-CU on the ground became the preferred configuration. This choice was

primarily driven by payload cost and power constraints, rather than in-depth analysis of key

communication performance metrics such as SE, which are significantly affected by signaling

overheads. Ongoing discussions surrounding this architecture are expected to continue into

3GPP Rel. 20, which will also incorporate 6G studies as part of 3GPP’s standardization

roadmap (see Figure 1.3) [17].

However, relying solely on the gNB-DU on-board does not inherently support feeder link

switching or store-and-forward operations, which limits system flexibility. This configuration



Introduction 7

Initial 5G 5G Evolution 5G Evolution 5G Advanced 6G

SI: Satellite
access in 5G

SI: Architecture aspects 
for satellite access in 5G

SI: Management &
orchestration for 5G satellite

SI: Scenarios and
channel models

SI: Solutions for 
NR NTN

SI: Core network
aspects of sat access

WI: Solutions for NR NTN

Ongoing or future
work

WI: NR NTN
evolution

WI: IoT NTN
evolution

WI: Service
requirements

WI: Extra-
territorial 5G

SI: Phase 3
sat access

WI: Integration of
sat in 5G

WI: Phase 2
satellite access

SI: NB-IoT &
LTE-M NTN

WI: 
IoT NTN

SA1

SA2

SA5

CT1

RAN

Rel. 15 Rel. 16 Rel. 17 Rel. 18 & Rel. 19 Rel. 20 and beyond

Concluded work

Unified 6G design
taking into account
the characteristics
of both TNs and

NTNs 

Figure 1.3: Evolution roadmap of 3GPP standards toward 6G [17].

also lacks support for standardized direct inter-satellite interfaces, hindering efficient inter-

satellite mobility. Furthermore, signaling over the F1 interface (the interface that connects a

gNB CU to the gNB DU) on the feeder link would still be required, and to a much greater

extent than with a full gNB on-board. Thus, to enable the next-generation satellite system

to meet the KPIs envisioned by IMT-2030 for 6G, this thesis considers the implementation

of a full gNB on-board.

The next-generation satellite system illustrated in Figure 1.2(c) is designed to integrate

storage capabilities with full gNB functionalities, aiming to mitigate the substantial backhaul

latency typically associated with NTNs through the caching techniques. This architecture is

particularly relevant for satellite operators such as Société Européenne des Satellites (SES),

which is developing the Digital Video Broadcasting - Native IP (DVB-NIP) infrastructure

to deliver video-on-demand (VoD) and over-the-top (OTT) content via DVB-S2/DVB-S2X

links in response to Internet Protocol (IP)-based user requests [19]. Furthermore, the sys-

tem is capable of supporting dynamic beamforming with variable spot beam sizes, enabling

intelligent adaptation to user demand based on geographical distribution, and facilitating

both broadcast and multicast services. Using this next-generation satellite system, an FFR

scheme can be employed to fully exploit the available system bandwidth, and the interfer-

ence introduced by FFR can be effectively mitigated through advanced precoding strategies,

which will be further discussed in Chapter 3. The architecture also provides flexibility in

power allocation per spot beam, supported by a software-defined regenerative processor,
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which can be leveraged to improve the quality-of-service (QoS) for marginal or weak users.

In addition, ISLs can be fully leveraged to enable cooperation amongst NTN satellites within

the same or adjacent orbits, enhancing overall system performance and ensuring seamless

service continuity. Chapters 3 to 5 of this thesis will present the algorithmic designs that

enable these advanced NTN capabilities, addressing the key inherent challenges due to their

non-geostationary nature. These challenges are briefly discussed in the following section.

1.3 Research Challenges

Despite having better orbital stability and global coverage capability, spaceborne NTNs face

several technical challenges. Some of them are listed below [12]:

• Propagation Delay and Path Loss: NTNs exhibit significant challenges such as large

propagation delays and path loss compared to TNs due to their high orbital positions

in space. For e.g., GEO, MEO, and LEO satellites experience two-way round-trip

propagation latencies of approximately 600–800 milliseconds, 125–250 milliseconds, and

30–50 milliseconds, respectively [20]. These values are significantly higher than those

of TNs, where propagation latency is typically on the order of microseconds.

• Doppler Effect: It occurs when there is relative motion between transceivers, causing

a shift in the signal frequency from the carrier frequency [21]. Due to the high orbital

velocities of non-geostationary orbit (NGSO), particularly LEO and MEO satellites,

the Doppler effect is more significant in their communication links with ground users

compared to GEO satellites or TNs. In the case of GEO satellites or TNs, the satellite

or TN components remain stationary, while ground users may experience motion, such

as users in high-speed trains or cars.

• Channel Estimation: Channel estimation based on pilot signals is essential for establish-

ing communication links between an access node and a user terminal, whether in TNs

or NTNs. In NGSO, the channel coherence time is significantly shorter than in TNs due

to the satellites’ high orbital velocities. For e.g., LEO satellites at an orbital altitude

of 550 km above the Earth’s surface travel at approximately 7.6 km/s [22], resulting in

rapid channel variations. Additionally, the large propagation delays in NTNs increase

the likelihood that the estimated channel state information (CSI) becomes outdated
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before it can be effectively used to establish a communication link.

• Mobility Management: Due to their high orbital velocities, NGSO satellites have short

orbital periods, typically ranging from 1.5 to 12 hours [23], resulting in limited ser-

vice durations during each satellite pass. Specifically, for LEO satellites employing

Earth-fixed beam management, the serving duration at a particular location is gen-

erally around 10 to 15 minutes. Therefore, to maintain uninterrupted continuity of

service between ground users and the serving LEO satellite, an efficient HO mechanism

is essential.

• Radio Resource Management (RRM): According to the 3GPP Rel. 18 standard [24],

the frequency-division duplexing (FDD) band for frequency range 1 NTN (FR1-NTN)

is allocated between 1.6 and 2.5 GHz, which is the same range that Starlink plans to use

for direct-to-cell communication and is already assigned to terrestrial LTE services [25].

This spectral overlap requires efficient bandwidth management to minimize interference

between TN and NTN while maximizing SE. Furthermore, the high free-space path

loss in NTN systems demands substantial transmit power to maintain reliable satellite-

to-ground links. However, due to the power limit at the satellite, an optimal power

allocation strategy is also required to meet the minimum QoS requirements.

• Computational Resource Management (CRM): Due to the high launch cost per payload

size [8], space-borne NTNs have more limited computational capabilities than TNs.

To efficiently utilize these constrained resources and support gNB-like functionality in

space, collaboration among integrated space, air, and ground nodes is essential. This

cooperation must also adapt to the time-varying topology of NGSO constellations.

1.4 Research Questions

This thesis aims to address several important research questions, building on the motivation

and challenges outlined in this work, which focuses on achieving ubiquitous connectivity

using fully regenerative payload-enabled spaceborne NTNs. These questions arise primarily

from the inherent non-geostationary characteristics of spaceborne NTNs, which necessitate

the development of new models, strategies, algorithms, and architectures. Aligned with the

IMT-2030 vision, the objective is to effectively tackle some of these challenges and propose
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innovative solutions that contribute to the enhancement of selected 6G-envisioned KPIs, such

as SE, user-experienced data rate, and latency.

Research Question 1 (RQ1)

How can KPIs be monitored for spaceborne NTNs at a GT in near-real time automat-

ically?

It is more difficult to evaluate actual KPIs in a deployed system than to assess theoretical

KPIs. To keep pace with technological advancements and meet the performance targets

envisioned for 6G systems, it is essential to implement automated mechanisms for near real-

time evaluation of actual KPIs for NTNs. Such automation also contributes to optimizing

the research and development (R&D) process.

Traditionally, NTNs, particularly GEO satellites, have been used for satellite television

(TV) broadcasting, supported by the DVB-S standard [26]. Currently, the largest satellite

operator in terms of consumer reach for DVB-based DTH transmission is SES, a Luxembourg-

based satellite company. Most recently, SES has been planning to deliver digital content via

IP requests through the development of the DVB-NIP system. DVB-NIP enables a two-way,

IP-based connection capable of transmitting both video and data, effectively bridging the

gap between traditional satellite broadcasting and IP-based content delivery. This system

will be deployed via GEO satellites, supporting on-demand digital video streaming services,

including OTT content, through an IP-based delivery infrastructure [19].

However, to implement such systems by deploying them in live networks, it is essential to

ensure that actual system KPIs closely align with theoretical expectations. This is especially

critical for companies with large consumer bases, where performance inconsistencies could

result in the loss of loyal customers. Therefore, a mechanism for real-time performance

assessment is essential. Large operators like SES cannot afford to rely on manual evaluation

methods, which are time-consuming and significantly slow down the R&D process, making

large-scale deployments both costly and inefficient. To tackle this challenge, part of this thesis

proposes an automated evaluation framework that leverages recent advancements in software

development technologies. This framework enables near real-time KPI assessment from GTs,

significantly reducing reliance on traditional manual packet analyzers (e.g., Wireshark).
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Research Question 2 (RQ2)

What strategies can be employed to effectively minimize propagation delays and path

loss in spaceborne NTNs?

The large propagation delays and path loss in NTNs are primarily due to the significant

physical distance between satellites and GTs. Among the various spaceborne NTN orbits,

i.e., LEO, MEO, and GEO, satellites in the LEO (a subset of NGSO satellites) offer

significantly lower round-trip latency and path loss, making them the primary

focus of this thesis. Nevertheless, LEO satellites still experience higher propagation delays

and path loss compared to TNs. Traditionally, satellites have been used for video broadcasting

services. To reduce round-trip latency significantly, this thesis considers incorporating on-

board caching functionality in LEO satellites, made possible by fully regenerative payload-

enabled designs. To further mitigate path loss, a joint approach is proposed that combines

adaptive beamforming with an optimal power allocation strategy.

Research Question 3 (RQ3)

How can RRM be effectively performed in NGSO satellites to mitigate interference and

enhance user-centric KPIs?

The main radio resources of satellites are power, bandwidth, and spatial dimension. Thus,

to effectively utilize these radio resources, part of this thesis proposes a novel optimization

problem that jointly optimizes power, bandwidth, and satellite beam coverage, which con-

stitutes a key contribution. In addition, this thesis proposes an optimal precoding design

strategy to mitigate interference resulting from the adoption of a full-frequency reuse strat-

egy. Furthermore, it leverages functionalities such as spatial multiplexing and multicasting

to utilize these radio resources effectively.

Research Question 4 (RQ4)

What strategies can be developed to manage HO scenarios in NGSO satellites with

minimal communication overhead, to improve user-experienced data rate as envisioned

in 6G networks?

To support ubiquitous connectivity, this thesis focuses on the use of LEO satellites, as
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they offer lower propagation delays and path loss compared to other NGSO satellites. Due to

their non-geostationary nature and limited field-of-view (FoV), each LEO satellite can serve

a given geographic location for only a short duration of time, i.e., a few minutes, per orbital

pass in an Earth-fixed beam configuration. Therefore, large LEO constellations are needed

to ensure global coverage, and for global connectivity, a seamless HO mechanism is crucial.

To address this, part of this thesis proposes novel centralized and distributed HO schemes

that leverage ISLs, eliminating the need for ground-based GWs for HO. This consequently

reduces signaling overhead and enhances user-centric data rates during HO events.

Research Question 5 (RQ5)

What techniques can be employed to minimize HO duration in the NGSO satellite

systems without causing service disruptions, by leveraging advanced capabilities envi-

sioned for 6G networks?

Part of this thesis focuses on minimizing HO duration without any breaks by incorporating

ISAC capabilities in GTs, as HO duration in LEO satellite networks can be significantly longer

than in TNs. This integrated functionality enables simultaneous communication and sensing

using shared power, bandwidth, and antenna resources. Although still in the early stages of

research, this feature is envisioned by IMT-2030 as one of the advanced capabilities for 6G

systems, as illustrated in Figure 1.1. The proposed novel HO mechanism differs from both

the centralized and distributed HO schemes introduced in the earlier research question of this

thesis and from the break-before-make HO approach defined in 3GPP Rel. 17 [27].

Research Question 6 (RQ6)

In what ways can the limited computational capabilities of NGSO satellites be overcome

to enable advanced service features anticipated in 6G networks, thereby minimizing

end-to-end latency?

While large-scale orbital launches and reusable satellite launch systems could enable space-

based gNBs, next-generation fully regenerative LEO satellites will have comparatively lower

computational capabilities than their MEO, GEO, or TN counterparts. This is primarily due

to the high orbital velocities and atmospheric drag experienced in LEO, which reduce their

operational lifespan, which is approximately five years [28]. Moreover, with the rapid advance-
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ment of augmented reality (AR)/virtual reality (VR) technologies and other data-intensive

applications such as real-time video analytics and two-dimensional (2D)/three-dimensional

(3D) scene observation [29, 30], LEO satellites are expected to play a crucial role in captur-

ing high-resolution Earth observation (EO) imagery [31] in near real time, owing to their

proximity to Earth. However, processing this imagery in near real time requires substan-

tial computational resources to support time-sensitive functions such as disaster prediction

and response, evacuation planning, and damage assessment [32, 33]. To address these chal-

lenges, part of this thesis proposes a parallel and partial task offloading strategy across the

serving LEO satellite, neighboring LEO satellites, and cloud-assisted GWs. Task allocation

is optimized by considering factors such as the available computational capacity across the

serving LEO, neighboring LEOs, and cloud-aided GWs; the computational effort required

for specific tasks; task deadlines; ISL and feeder link performance; and transmission delays.

Furthermore, the downlink bandwidth for EO service delivery is jointly optimized with task

offloading to minimize overall end-to-end latency, taking into account both HO and non-HO

scenarios.

Research Question 7 (RQ7)

How can the challenges of outdated CSI and channel non-reciprocity be addressed in

NGSO satellites, and what is the impact of imperfect CSI estimation on the system-

level performance?

Due to the large propagation delays in LEO/MEO satellites, the issue of outdated CSI

is significantly more severe in NGSO satellites than in TNs. Moreover, unlike TNs where

uplink/downlink channel reciprocity often holds, this assumption does not apply to satellite

channels because of the use of widely separated frequency bands (typically by hundreds of

megahertz) [27], the presence of large-scale fading, and rapid channel variations caused by

high orbital velocities and Doppler effects [21]. To address the challenge of outdated CSI,

part of this thesis leverages recent advances in AI by proposing a supervised deep learn-

ing (DL)-based approach [34] to predict downlink CSI for future time slots using historical

downlink channel data. The model is trained on high-performance cloud servers located near

the GW, and the trained weights are deployed on fully regenerative LEO/MEO satellites

for inference. This architecture enables transfer learning and supports real-time prediction
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capabilities. Furthermore, the impact of CSI prediction/estimation errors on KPIs, such as

user-experienced data rate, latency, and SE, is evaluated to demonstrate the robustness of

the proposed frameworks.

Research Question 8 (RQ8)

How can radio resources be efficiently allocated for concurrent uplink transmissions

among uncoordinated GTs in NGSO satellite systems, in the absence of a central

controller, while minimizing interference?

In the NGSO satellite system, downlink transmission (e.g., from a central access node

such as a LEO satellite to multiple GTs) naturally operates as a centralized system. This

configuration facilitates efficient resource allocation and decision-making at the satellite level.

In contrast, uplink transmission (e.g., from multiple GTs to the LEO satellite) functions as a

decentralized system, and in the absence of central coordination, spectrum allocation becomes

significantly more challenging. Within the same LEO satellite’s FoV, concurrent transmis-

sions from uncoordinated GTs increase the risk of spectrum collisions, thereby degrading

overall system performance. To address this challenge, part of this thesis draws inspiration

from deep reinforcement learning (DRL)-based dynamic spectrum access techniques in cogni-

tive radio systems [35], and proposes a multi-agent deep reinforcement learning (MADRL) [36]

framework for decentralized uplink spectrum allocation.

1.5 Research Methodologies

This section briefly presents the research process followed to provide a complete picture of

this thesis, which is clearly illustrated in Figure 1.4. As shown in the figure, the research

process starts with a comprehensive review of telecommunications standards, including those

from 3GPP, ITU, and ETSI, along with relevant state-of-the-art (SOTA) literature primar-

ily sourced from Institute of Electrical and Electronics Engineers (IEEE) Communications

Society venues, both of which assist in identifying research gaps of practical relevance over

the next 5 to 10 years. Once suitable problems are identified, aligning with both industrial

applicability and academic novelty, system models are developed with a focus on fully re-

generative spaceborne NTNs. Based on the identified gaps, novel problems are formulated,

often involving the optimization problems of a non-convex nature that reflect the inherent
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Figure 1.4: Research Methodology.

characteristics of NGSO satellites. These are then addressed through detailed analysis, with

a focus on low-complexity algorithm design due to the limited computational capabilities of

spaceborne NTNs. To solve the problems effectively, various optimization approaches, such as

branch-and-bound (BnB) [37], successive convex approximation (SCA) [38], and Riemannian

manifold optimization [39], as well as AI methods such as DL and MADRL, are imple-

mented using software tools such as MATLAB with CVX solvers (e.g., MOSEK [40]) and

Python. The proposed solutions are rigorously evaluated and compared against benchmark

schemes through realistic simulation scenarios that incorporate practical datasets and param-

eter settings aligned with telecommunications standards. Finally, the research findings are

disseminated via top-tier IEEE Communication Society venues, and, if found economically

viable and impactful, they may contribute to future standardization efforts and industrial

implementations supporting global ubiquitous connectivity.

1.6 Thesis Outline and Contributions

The primary contributions of this dissertation are organized into six chapters, with each

chapter detailing and highlighting its key contribution. Additionally, this work has resulted
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in several publications and submissions to top-tier, peer-reviewed journals and conference

proceedings. These are listed below, where C denotes conference papers and J denotes

journal articles.

Chapter 1

This chapter provides a brief overview of the background and motivation for considering

fully regenerative spaceborne NTN satellites as the central focus of this thesis. It then

explores how satellite architectures have evolved in line with standardization efforts. This is

followed by a discussion of the key research challenges arising from the inherent characteristics

of such systems. Building on the research motivation and identified challenges, a series of

research questions is raised, and finally, the research methodologies adopted to address these

questions are presented.

Chapter 2

This chapter addresses RQ1 by proposing an automated framework for near-real-time

monitoring of KPIs for IP traffic over satellite links, using SES’s in-house DVB-NIP infras-

tructure for the delivery of video content, including both OTT and on-demand services. The

system analyzes packets received via the transparent payload GEO satellite SES Astra 2E at

the GT. This framework enables near real-time evaluation of received data rates for both uni-

cast and multicast IP traffic, significantly reducing manual effort and accelerating the R&D

process. Although this study is based on a satellite system employing a transpar-

ent payload architecture, the methodology and automation techniques presented

here are equally applicable to fully regenerative payload-enabled next-generation

NTNs.

The achievement of this chapter has been submitted to the following venue:

Related submission:

[C1] S. Bhandari, T. X. Vu, S. Chatzinotas, and B. Ottersten, “Automated Near

Real-Time Visualization and Monitoring of DVB-NIP Data Rates,” GLOBECOM 2025

- 2025 IEEE Global Communications Conference, Taiwan, 2025, pp. 1–6 (Submitted).

Chapter 3

This chapter tackles a series of questions, i.e., RQ2, RQ3, RQ4, and RQ7, by introduc-

ing a novel framework called the flexible resource management algorithm for LEO satellites
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(FLARE-LEO). The proposed approach jointly optimizes bandwidth allocation, power dis-

tribution, and spot beam coverage to efficiently serve the users distributed across a large ge-

ographical area. It incorporates multi-spot beam multicasting, spatial multiplexing, caching,

and HO scenarios. Specifically, to optimize the spot beam coverage, an unsupervised K-means

algorithm is applied to realistic user demands. This is followed by a proposed SCA-based

iterative algorithm for optimizing radio resources. Furthermore, to address the HO scenario,

two novel joint transmission architectures, namely centralized collaboration and distributed

collaboration, are proposed. These architectures jointly estimate the downlink CSI using

DL techniques and optimize the transmit power of the LEO satellites involved in the HO

process, such that the overall system throughput is enhanced. Simulation results show that

the proposed approach outperforms the reference strategies and demonstrates a significant

improvement in minimizing the user-centric maximum content delivery time. Moreover, the

robustness of the proposed design is validated by its performance under imperfect CSI con-

ditions, achieving results close to the perfect CSI case, which addresses the second part of

RQ7.

The outputs of this chapter have been published in the following venues:

Related publications:

[C2] S. Bhandari, T. X. Vu, S. Chatzinotas, and B. Ottersten, “Efficient Content

Caching for Delivery Time Minimization in the LEO Satellite Networks,” 2023 IEEE In-

ternational Conference on Communications Workshops (ICC Workshops), Rome, Italy,

2023, pp. 1246–1252, doi: 10.1109/ICCWorkshops57953.2023.10283798.

[J1] S. Bhandari, T. X. Vu, and S. Chatzinotas, “User-Centric Flexible Resource

Management Framework for LEO Satellites With Fully Regenerative Payload,” in IEEE

Journal on Selected Areas in Communications, vol. 42, no. 5, pp. 1246–1261, May 2024,

doi: 10.1109/JSAC.2024.3365883.

Chapter 4

This chapter focuses on RQ6, and partially on RQ7. To provide a solution for RQ6, this

chapter proposes a hierarchical computation framework in LEO satellites for remote Earth

observation-related services such as disaster prediction, 2D/3D scene observation, route find-

ing, and rescue operations based on satellite images/videos, while considering different beam
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management techniques. The proposed framework supports parallel and partial task offload-

ing strategies, optimizing the communication and computation resources across the serving

LEO satellite, adjacent LEO satellites, and a cloud-aided GW. The primary objective is to

minimize the worst-case service completion time by jointly optimizing the computation and

communication allocation among LEO satellites and the GW. The formulated multi-objective

optimization problem is characterized as non-linear, non-convex, and non-deterministic poly-

nomial time (NP)-hard. To tackle this challenge, an iterative algorithm based on the SCA

method is introduced. Additionally, a delivery strategy is proposed for returning completed

task results during HO periods under both Earth-fixed beam and Earth-moving beam config-

urations. Simulation results based on realistic system parameters and datasets show that the

proposed design reduces the task completion time by at least 16% compared to the reference

strategies. The impact of computational cycles, ISL rates, feeder link rates, and HO deci-

sions under different beam configurations is analyzed in terms of mean task completion time.

Moreover, to address the second part of RQ7, this chapter demonstrates the robustness of

the proposed design under imperfect CSI conditions by achieving performance close to the

perfect CSI case.

The contributions of this chapter have been disseminated in the following venues:

Related publication/submission:

[C3] S. Bhandari, T. X. Vu, and S. Chatzinotas, “LEO Satellite-assisted Task Offload-

ing for a Near Real-time Earth Observation Service,” GLOBECOM 2024 - 2024 IEEE

Global Communications Conference, Cape Town, South Africa, 2024, pp. 3033–3038,

doi: 10.1109/GLOBECOM52923.2024.10901122.

[J2] S. Bhandari, T. X. Vu, and S. Chatzinotas, “LEO-based Edge Computing Service

Platform for Challenging Geographical Terrain,” IEEE Open Journal of the Commu-

nications Society, doi: 10.1109/OJCOMS.2025.3638149.

Chapter 5

This chapter explores RQ5, part of RQ7 and, RQ8. In response to RQ5, it consid-

ers ISAC-assisted HO (ISAC-HO) protocol that enables make-before-break HOs via ISAC-

enabled GTs. A novel ISAC design capable of generating a 3D beampattern under realistic

conditions allows GTs to sense approaching LEO satellites without significantly compromis-

ing communication with the currently serving LEO satellite. The design problem is highly
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challenging due to its non-convexity and mixed-integer nature. To tackle these challenges,

this chapter proposes an approach that leverages Riemannian manifold optimization and

closed-form solutions. Numerical results confirm that the proposed ISAC design significantly

improves the communication–sensing trade-off and enables smooth HO. To address RQ8, the

chapter presents a MADRL framework for resource allocation among multiple GTs, aiming to

mitigate sensing collisions and ensure QoS under shared spectrum constraints. Furthermore,

to examine the second part of RQ7, the robustness of the proposed design under imperfect

CSI is evaluated.

The outputs of this chapter have been submitted to the following venues:

Related submissions:

[C4] S. Bhandari, T. X. Vu, N. T. Nguyen, and S. Chatzinotas, “ISAC Design for

Intelligent Handover in LEO Satellites,” 2026 IEEE International Conference on Com-

munications, Glasglow, pp. 1–6, 2025 (Submitted).

[J3] S. Bhandari, T. X. Vu, N. T. Nguyen, and S. Chatzinotas, “ISAC-Enabled Han-

dover Design in LEO Satellite Networks,” IEEE Transactions on Communications, pp.

1–16, 2025 (Major Revision, Revised & Submitted).

Chapter 6

This chapter summarizes the key findings of the thesis and outlines potential directions

for future research.
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Chapter 2
Automated Near Real-Time Visualization

and Monitoring of DVB-NIP Data Rates

With the onset of Industry 4.0, automation has become crucial for industries to reduce repet-

itive manual and intellectual tasks, meet deadlines, and maintain competitiveness. The satel-

lite industry, in particular, is harnessing automation to accelerate technology development

and market launches, optimizing the research and development (R&D) process in a rapidly

evolving, multi-billion dollar market. As part of this trend, key satellite players are focusing

on streaming video content to meet the growing demand for video services, regardless of ge-

ographical constraints. To achieve this, they have developed the Digital Video Broadcasting

- Native IP (DVB-NIP) system, with ongoing R&D efforts to ensure its effectiveness. In this

chapter, we propose an automated mechanism to visualize the achieved average data rate of

the DVB-NIP system across various scenarios. This system reduces the need for repetitive

intellectual work, offering a more efficient alternative to conventional packet analysis meth-

ods. The proposed solution enhances the R&D process and can be extended with additional

functionalities as required to monitor key performance indicators.

2.1 Introduction

According to Ericsson, it is predicted that by the end of 2028, video traffic will account for

80% of global mobile data traffic [41, 42]. The rapid proliferation of the Internet of Things

(IoT) devices, data-intensive applications such as social media-based streaming services, and

advancements in augmented reality (AR) technologies are expected to drive this growth

21
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[42,43]. Recently, there has been exponential growth in revenues for on-demand digital video

streaming services, including over-the-top (OTT) services and it is expected that the revenue

will reach 235 billion U.S. dollars by 2028 [43].

The most popular and conventional method of transmitting OTT content is via a content

delivery network (CDN) based on Internet Protocol (IP) requests. Content is delivered to end

users through terrestrial internet infrastructure, with the CDN optimizing distribution across

different regions. This approach is most effective when end users are located relatively close to

the CDN’s points of presence or local caches where the requested content is stored2.1. However,

users in geographically challenging areas, such as remote islands, during flights, or on cruise

ships, may struggle to access popular content due to limited technological infrastructure,

highlighting the digital divide as a multifaceted issue shaped by geographic, economic, and

technological factors [42,43].

Recent advances in satellite technology have enabled satellite-based delivery of OTT con-

tent based on IP requests, referred to as DVB-NIP, to address the aforementioned challenges.

Still in its early stages, this approach, detailed in the DVB-NIP standard published by the

European Telecommunications Standards Institute (ETSI) in September 2024, supports the

IP-based distribution of Common Media Application Format (CMAF), Dynamic Adaptive

Streaming over HTTP (DASH), and HTTP Live Streaming (HLS) content. It facilitates live

video and file distribution over traditional broadcast channels to devices such as smartphones,

tablets, and smart televisions [26].

Building on these advancements, Société Européenne des Satellites (SES), a leader in

satellite technology for content delivery, is driving the development and implementation of

the DVB-NIP specification, alongside key DVB-Internet (DVB-I) satellite features. SES col-

laborates with satellite operators, broadcasters, and consumer electronics manufacturers to

expand these technologies. The company plays a pivotal role in providing broadband con-

nectivity and end-to-end video services to rural and remote areas. At DVB World 2024, SES

showcased its DVB-NIP Revision 2-compliant software, demonstrating its contributions to

both DVB-NIP and DVB-I. The broadcast featured live and offline content from its Betz-

dorf headquarters, delivered via an internally developed multicast Adaptive Bitrate (mABR)

server and commercial partner servers [19].

Currently, SES is using geostationary Earth orbit (GEO) satellites for the unicast and

2.1The contents to be placed can be predicted based on historical popularity.
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multicast delivery of OTT content [19]. However, in the near future, if the inherent challenges

of non-geostationary orbit (NGSO) satellites, such as high-speed Doppler effects and frequent

handover requirements resulting from fixed service periods, are effectively addressed, SES

may also utilize NGSO satellites for OTT content delivery, due to their comparatively lower

propagation delays and better large-scale fading characteristics [42]. This would align with

companies like SpaceX, Eutelsat OneWeb, Amazon’s Project Kuiper, Telesat, and Shanghai

Spacecom Satellite Technology, which are competing to launch large constellations of LEO

satellites to provide global broadband and direct-to-cell services [44].

The transmission algorithms from the origin CDN to the NIP gateway via GEO satel-

lites require trial-and-error processes. A key performance indicator (KPI) for DVB-NIP’s

robustness is comparing the received average data rate with the achievable rate for each NIP

reception. The media packet metadata received at the NIP gateway are captured in packet

capture (PCAP) format, and the most commonly used tool for evaluating the received data

rate is using Wireshark, a popular packet-analyzer software [45]. However, Wireshark’s man-

ual packet analysis is unsuitable for industries transmitting large volumes of media files to

global destinations, as near real-time evaluation is essential for optimizing the DVB-NIP al-

gorithm, aligning the received and achievable data rates, and ensuring a smooth, risk-free

transition from existing broadcasting technologies to DVB-NIP.

Our contributions can be summarized as follows:

• Algorithm 2.1 is designed to automate the near real-time extraction of key metadata

from DVB-NIP PCAP files and present it in a tabular format.

• Algorithm 2.2 is designed to enable the near real-time visualization and analysis of

DVB-NIP streams, facilitating debugging with optional human intervention.

• The algorithms are tested using DVB-NIP streams generated from SES’s Astra 19.2 TP

1.045, demonstrating significant improvements in metadata extraction and data rate

visualization (see figures 4 and 6) compared to manual packet analysis with tools like

Wireshark. Additionally, recommendations are provided for evaluating the sampling

time to assess packet arrival rates.

The rest of this chapter is structured as follows. Section 2.2 describes the DVB-NIP end-

to-end system architecture and presents the automated framework for rate evaluation from
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PCAP files. Section 2.3 presents the algorithms for automatic rate evaluation in both unicast

and multicast scenarios. Section 2.4 illustrates the simulation results. Section 2.5 outlines

the recommendations and limitations of this work, followed by a summary in Section 2.6.

2.2 DVB-NIP End-to-End System Architecture and PCAP

Rate Evaluation Framework

2.2.1 DVB-NIP End-to-End System Architecture
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Figure 2.1: Simplified version of end-to-end system architecture of DVB-NIP [19,26].

Fig. 2.1 illustrates a simplified end-to-end system architecture of DVB-NIP. Unlike tra-

ditional transport stream-based broadcast architectures, the DVB-NIP system sources all

content, including OTT, through the content preparation and hosting platform. The whole

NIP architecture is divided into NIP headend and NIP receiver functions [26].

The NIP headend function comprises several components: the OTT content preparation

and hosting platform for media encoding, encryption, packaging, and hosting; the NIP service

aggregation platform for compiling DVB-I service lists; the content provider platform for

content acquisition, scheduling, and monetization; the NIP signaling server for building the

multicast signaling channel; the multicast server for generating multicast transport sessions

carrying one or more DVB-DASH services; the service provisioning platform for managing

headend operations and service reporting; and the encapsulation and modulation platform for

encapsulating IP multicast datagrams into NIP streams. The NIP receiver functions consist
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of NIP gateway and NIP client functions. The NIP gateway functions include receiving IP

multicast streams, parsing the NIP announcement channel, temporarily storing broadcast

assets, serving assets to clients via HTTP, retrieving content or metadata from broadband

networks, and supporting remote configuration. The NIP client functions involve interacting

with the DVB-I service list entry points registry server and service list server, displaying

DVB-I service lists to end users, discovering NIP gateways, and requesting and displaying

NIP services [26].
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Figure 2.2: Flute carousel in the mABR server [19,26].

Considering the pre-defined radio resource system, the mABR server is primarily respon-

sible for the overall KPI of the DVB-NIP system. It handles the multiplexing of streams and

diverse range of files (such as video on demand (VoD), signaling manifests, content guides,

and DVB-I materials) by organizing files in the carousel based on their priority order as shown

in Fig. 2.2. SES has developed a DVB-NIP mABR server that integrates a multiplexer opti-

mized for efficient file delivery, accommodating specific file characteristics and transmission

requirements. The server produces DVB-NIP streams that are broadcast and accessible via

Astra 19.2 TP 1.045 [19].

The scheduler, or File Delivery over Unidirectional Transport (FLUTE) carousel, pri-

oritizes tasks based on priority order and user-defined tolerance limits. It implements the

FLUTE blocking algorithm, rescheduling tasks if no packet is received within a predefined
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interval. Upon packet reception, data is forwarded to the User Datagram Protocol (UDP)/IP

multicast output.

The FLUTE protocol enables file transfer over UDP/IP networks by multiplexing files

within a FLUTE carousel, allowing parallel transmission with assigned priority levels. Lower-

priority carousels are transmitted only when no higher-priority ones are active. The carousel

organizes files into priority queues, with each queue transferring one file per session for efficient

multiplexing [19].

The token bucket algorithm is widely used for controlling the transmission bitrate of files

in network traffic shaping [46], limiting both the overall bitrate of a NIP stream and the

bitrate of a FLUTE carousel. This mechanism allows files to begin transmission at a specific

time, with the bitrate dynamically adjusted to ensure completion by a predefined end time.

Such techniques optimize transmission efficiency, meet real-time constraints, reduce zapping

time, and minimize jitter in live content delivery.

To achieve these objectives and optimize multiplexing, the SES mABR server implements

a scheduling algorithm that governs the execution of tasks at fixed intervals. Each task is

responsible for emitting packets and re-scheduling itself for subsequent runs. However, to

fully adapt this algorithm to the system’s specific requirements, proper tuning is necessary.

This process involves multiple trial-and-error iterations, during which the received packets

must be analyzed in near real-time to enable effective debugging and facilitate the algorithm’s

refinement through human intervention.

2.2.2 PCAP Rate Evaluation Framework

In this section, we present the DVB-NIP data rate evaluation framework for unicast and

multicast scenarios, as shown in Fig. 2.3. The process begins with extracting useful metadata

from a PCAP file containing a UDP/IP stream or directly from a UDP/IP stream in near

real-time. To achieve this efficiently, a fast and memory-optimized programming language

like Rust is desired. Rust’s high-speed performance and multiprocessing capabilities make it

well-suited for processing large PCAP files with minimal resource overhead.

However, for demonstration purposes, we use Python to illustrate the procedure for ex-

tracting useful information from a PCAP file. Python is chosen for its simplicity, ease of use,

and the availability of robust open-source libraries such as Scapy [47] and FLUTE [48].

Once all the useful metadata are extracted from the PCAP files using the parsing tech-
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Figure 2.3: An automatic data rate evaluation framework from PCAP files.

nique automatically, the extracted information is stored in a tabular format in the system,

which can be easily read by another Python script responsible for filtering the dataset for the

multicast scenario to evaluate the data rate. After the data rate is evaluated for the unique

transmission and reception case, it is stored in a tabular format, making it easily accessible

to the backend of the web application. Django [49] can be utilized for backend creation, as

it is a high-level, open-source web framework for Python. For dynamic graph visualization,

Highcharts can be used, as it is a popular JavaScript charting library that allows you to cre-

ate interactive, responsive, and aesthetically appealing charts for web applications, following

a similar procedure as in [50] for dynamic webapp creation. To ensure the desired results

are produced and for debugging purposes, human intervention may be required to adjust

parameter values if the results deviate from expectations, as shown in Fig. 2.3. The detailed

procedure for metadata extraction and corresponding data rate evaluation will be discussed

in the next section.
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2.3 Solution Development

To automate the visualization of data rate graphs for unicast and multicast scenarios, Algo-

rithms 2.1 and 2.2 are designed and are discussed in detail in the following sub-sections.

2.3.1 Algorithm 2.1: Automatic Metadata Extraction from PCAP Files

Algorithm 2.1 Algorithm to Extract Key Metadata from DVB-NIP PCAP Files

Input: F = {f1, f2, . . . , fM}
Output: D = {d1, d2, . . . , dM}

Init.: TSm, PLenm, SRCm, SPortm, DSTm, DPortm,
LCTm, TSIm, TOIm, SBNm, ESIm = []

1: for m in range(M) do
2: PKTS ← rdpcap(fi’s path)
3: for PKT in PKTS do
4: if IP in PKT and UDP in PKT then
5: // Extraction of UDP Metadata from PCAP
6: TSm.append(PKT.time)
7: PLenm.append(PKT.payload.len)
8: SRCm.append(PKT.payload.src)
9: SPortm.append(PKT.payload.sport)

10: DSTm.append(PKT.payload.dst)
11: DPortm.append(PKT.payload.dport) // Parse UDP payload to extract LCT meta-

data ▽
12: try
13: UPKT← PKT[UDP].payload.load
14: LCT← receiver.LCTHeader(UPKT)
15: CCIm.append(LCT.cci)
16: TSIm.append(LCT.tsi)
17: TOIm.append(LCT.toi
18: SBNm.append(LCT.sbn)
19: ESIm.append(LCT.esi)

// If Packet DNS ▽
20: except AttributeError as e
21: pass
22: end if
23: end for
24: Save the df containing the cols. {TSm, PLenm, SRCm, SPortm, DSTm, DPortm,

CCIm, TSIm, TOIm, SBNm, ESIm} as dm
25: end for

In Algorithm 2.1, the meaningful metadata information from a list of PCAP files m ∈

F = {f1, f2, . . . , fM} is extracted, and this information is stored in a standardized tabular
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Algorithm 2.2 Automatic Data Rate Calc. for DVB-NIP

Input: D = {d1, d2, . . . , dM}, T s
m

Output: ηxm, x := {SRC[i1],SPort[i2],DST[i3],
DPort[i4],TSI[i5]}
Init.: df,SRC,DST, SPort,DPort,TSI

1: for m in range(M) do
2: d ← read(dm’s path); SRC ← unique(d.SRC); DST ← unique(d.DST); SPort ←

unique(d.SPort); DPort ← unique(d.DPort); TSI ← unique(d.TSI) // Fn for sam-
pling ▽

3: def Sampling(T s
m, p,PLA,TCA,TS)

4: PL = 0; TC = 0
5: while TC ≤ T s

m then
6: TD ← TS[TS.idx[p + 1]]− TS[TS.idx[p]]
7: if TC+ TD ≤ T s

m then
8: TC ← TC+ TD
9: PL ← PL + PLen[PLen.idx[p + 1]]

10: else
11: TCA[0]← TC; PLA[0]← PL
12: TC ← T s

m + 1e18
13: TCA[1]← TC; PLA[1]← 0
14: end if
15: end while
16: return(p,PLA,TCA) // Filtering the df ▽
17: for i1 in range(0, len(SRC)) do
18: df1 ← df[df[′SRC′] == SRC[i1]]
19: for i2 in range(0, len(SPort)) do
20: df2 ← df1[df1[′SPort′] == SPort[i2]]
21: for i3 in range(0, len(DST)) do
22: df3 ← df2[df2[′DST′] == DST[i3]]
23: for i4 in range(0, len(DSTPort)) do
24: df4 ← df3[df3[′DPort′] == DST[i4]]
25: for i5 in range(0, len(TSI)) do
26: df5 ← df4[df4[′TSI′] == TSI[i5]]
27: PLen← df5[′PLen′]; TS← df5[′TS′];p = 0; PAr = []; TAr = []
28: while p ≤ len(df5)− 1 do
29: PLA = []; TCA = [];
30: [p,PLA,TCA] =

Sampling(T s
i ,p,PLA,TCA,TS)

31: PAr.append(flatten(PLA)); TAr.append(flatten(TCA));
p ← p + 1

32: end while
33: ηxi5.append(divide(PAr,TAr))
34: Save and Plot ηxi5 (using Highcharts)
35: end for
36: end for
37: end for
38: end for
39: end for
40: end for
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format (CSV or XLSX) as dm.

The dataset should include UDP as well as Layered Coding Transport (LCT) header

fields. The UDP headers are timestamp (TS), payload length (PLen), source IP (SRC),

source port (SPort), destination IP (DST), and destination port (DPort). The LCT headers

are extracted by parsing the UDP payload and should contain information such as Congestion

Control Information (CCI), Transport Session Identifier (TSI), Transport Object Identifier

(TOI), Source Block Number (SBN) and Encoding Symbol ID (ESI), if the packet type is not

DNS. The snapshot of the information extracted from the PCAP file for the unicast scenario,

presented in a tabular format, is shown in Fig. 2.4.

Problem: The packet
takes significantly longer
to transmit, reducing the

average data rate

Possible Solution: Examine
the Flute carousel and the

network traffic shaping
algorithm 

Figure 2.4: Snapshot of the PCAP information extracted in the tabular format for the unicast
scenario.

2.3.2 Algorithm 2.2: Data Rate Evaluation for Uni/Multi-cast

In Algorithm 2.2, the data rate is evaluated for each unique combination of headend and

reception address, defined as x ≜ {SRC, SPort, DST, DPort, CCI, TSI}, while considering

the unicast or multicast nature of DVB-NIP streams. To compute the data rate for x in the

m-th PCAP file, the payloads of consecutive unique packets are summed within the user-

defined sampling period T s
m, as illustrated in the Sampling function of Algorithm 2.2. If the

sampling period condition is met, i.e., TC > T s
m, the loop terminates. An outage (drop in the

packet) condition is declared, i.e., PL = 0, when no payload can be accommodated within

the specified sampling period, as demonstrated by packet number 1025 in Fig. 2.4.
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2.4 Simulation Results on Realistic System Scenario

We used the SES DVB-NIP system to receive packet streams via Astra 19.2 TP 1.045.

For demonstration purposes, we consider a unicast scenario, and the key elements of the

database for this particular DVB-NIP stream are shown in Fig. 2.4. The target bit rate for

this particular NIP reception is around 5 Mbps.

Upon receiving the PCAP file of this particular stream, we analyzed it using the Wireshark

tool, considering T s
m = 50ms. The resulting graph is shown in Fig. 2.5, where a total of nine

outages were observed over an 18 s duration of the stream, each lasting approximately 1.6 s.

Similarly, Fig. 2.6 presents a comparable graph generated using Python with the imple-

mentations of Algorithms 1 and 2. The graph reveals that the achieved average data rate is

less than half of the desired rate. This indicates inefficient utilization of bandwidth resources,

highlighting the need to identify potential issues and perform effective troubleshooting. This

approach avoids relying on manual graph visualization, which becomes significantly more

challenging in multicast DVB-NIP stream transmission scenarios.

Wireshark I/O Graphs: output.pcap
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Figure 2.5: Graph generated using Wireshark to visualize DVB-NIP stream data rates.
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Figure 2.6: Automated visualization of DVB-NIP stream data rates using Python/Rust.

2.5 Recommendations and Limitations

2.5.1 Recommendations

The following are a few recommended steps that can help minimize the gap between the

desired and achieved average data rates:

i. Initially, review and optimize the implemented FLUTE carousel algorithm as needed.

ii. Next, the parameters involved in traffic network shaping should be properly tuned.

iii. Carefully define the sampling period for the particular stream, as it may vary depending

on the nature of the stream.

iv. If steps (i) – (iii) do not improve the data rate as planned, try transmitting content

that takes less time than the sampling period during outage scenarios.

v. As a last resort, optimize transmission bandwidth and power.

2.5.2 Limitations

The limitations for evaluating DVB-NIP data rate are as follows:

i. The packet-to-packet timestamps in the PCAP file lack accuracy, necessitating the

grouping of packets by sampling time and the averaging of data points using a moving
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time window approach to derive meaningful results.

ii. The transmission time for data packets from the GEO satellite (e.g., Astra 19.2) is

not included in the metadata. However, this information can be embedded in the

packet streams, which requires additional bandwidth and increased effort to extract

the baseband frame and generic stream encapsulation frames.

iii. It is very difficult to determine the sampling period and averaging window time, and

it becomes even more challenging in multicast and interleaved scenarios. This can only

be determined through a trial-and-error mechanism.

2.6 Summary

In this chapter, we propose a framework for the automated evaluation of the received data

rate of DVP-NIP data streams (both unicast and multicast) from PCAP files in a realistic

system setup. The framework operates to monitor the KPIs of the DVB-NIP system and

facilitate the debugging process in near real-time. In addition, the chapter presents key

recommendations for improving the average data rate and discusses the limitations of the

current work.
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Chapter 3
User-Centric Flexible Resource

Management Framework for LEO Satellites

With Fully Regenerative Payload

The regenerative capabilities of next-generation satellite systems offer a novel approach to

designing low Earth orbit (LEO) satellite communication systems, enabling full flexibility

in bandwidth and spot beam management, power control, and on-board data processing.

These advancements allow the implementation of intelligent spatial multiplexing techniques,

addressing the ever-increasing demand for future broadband data traffic. Existing satellite

resource management solutions, however, do not fully exploit these capabilities. To address

this issue, a novel framework called flexible resource management algorithm for LEO satellites

(FLARE-LEO) is proposed to jointly design bandwidth, power, and spot beam coverage opti-

mized for the geographic distribution of users. It incorporates multi-spot beam multicasting,

spatial multiplexing, caching, and handover (HO). In particular, the spot beam coverage is

optimized by using the unsupervised K-means algorithm applied to the realistic geographical

user demands, followed by a proposed successive convex approximation (SCA)-based iterative

algorithm for optimizing the radio resources. Furthermore, we propose two joint transmission

architectures during the HO period, which jointly estimate the downlink channel state infor-

mation (CSI) using deep learning and optimize the transmit power of the LEOs involved in

the HO process to improve the overall system throughput. Simulations demonstrate superior

performance in terms of delivery time reduction of the proposed algorithm over the existing

35
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solutions.

3.1 Introduction

In the context of satellite constellations, the LEO constellation is considered suitable for

broadband services due to its small round-trip delay compared to other satellite constellations.

Thanks to advanced payload technology, the LEO satellites are now seen as key enablers

for the beyond 5G (B5G) and sixth-generation (6G) communications systems, as they can

intelligently deliver low-cost, higher-throughput broadband services to underserved areas [51,

52].

The success of LEO satellites to B5G/6G relies on the operating and payload architecture.

Traditionally, two main configurations have been prevalent: the wide beam and the multiple

spot beam configurations. The wide-beam configuration is characterized by wide coverage

and is mainly used for broadcasting applications, while the multiple-spot beams are specifi-

cally designed for broadband services [53]. These configurations excel at providing dedicated

services but lack the flexibility to effectively handle dynamic and complex situations such

as targeted users’ mobility and time-varying demand. This lack of flexibility is favored in

traditional satellite architectures due to the high cost and delays associated with the payload

changes [54]. However, recent advancements in payload technologies, such as digital transpar-

ent payload (DTP) and active on-board antennas, enable efficient and reconfigurable hybrid

broadcast/broadband modes [55].

Current DTP, however, has limited capabilities such as restricted flexible channelization

and rudimentary power control/sharing among carriers [56]. Thus, to address the short-

comings of the DTP, satellite companies are shifting their focus to incorporating advanced

regenerative (fully digital) payload technology, which integrates a regenerative processor,

electronically steered phased-array antennas, and optional memory units [57]. This transi-

tion allows for the optimization of various functionalities, including beamforming, spot beam

coverage patterns, signal quality, bandwidth, and power as per the traffic demand [58,59]. To

minimize overall latency and further enhance the quality of service (QoS), the regenerative

payload’s optional memory unit can be used for caching in LEO satellites. This approach is

favored over the terrestrial networks because data cached in terrestrial networks must traverse

multiple hops, which causes frequent HOs at the gateways (GWs) unless the requesting user
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equipment (UEs) are adjacent to edge nodes [60]. Moreover, the regenerative payload of the

satellite constellation allows for the flexibility of on-demand multicasting services, potentially

enabling the simultaneous delivery of cached content to different communities of users spread

across different geographic areas [53,61].

The successful launch of the OneWeb’s LEO satellite, JoeySat, in May 2023, funded

by the European Space Agency and UK Space Agency, showcases the incorporation of the

flexible software-defined regenerative processor along with multi-spot beam electronically

steered phase array antennas. This implementation fulfills the demand-based beam tailoring

and steering capability [6]. However, a complete package of algorithm design is needed to

fully leverage the functionality of fully flexible regenerative payload-enabled satellites.

3.1.1 Related Works

Several studies have been conducted to partially exploit the flexible payload capabilities

[54, 59, 62–66]. In [59], a bandwidth and power optimization method is proposed for non-

geostationary orbit (NGSO) based on realistic demands. In [62], a demand-driven geosta-

tionary orbit (GEO) beam steering and beam patterning method using flexible regenerative

payload capabilities is proposed. The authors of [63–65] propose a caching policy in LEOs

using flexible on-board regenerative payload capabilities to minimize content delivery de-

lay and maximize the probability of successful delivery based on predefined beam coverage,

transmit power, and operating bandwidth. In [54], the authors aim to leverage the regen-

erative payload-enabled capabilities, such as digital beamforming, caching, and bandwidth

optimization, considering the realistic demands. Inspired by [54], to address the shortcom-

ings of [63–65] to some extent, considering the flexible regenerative payload enabled LEOs

capabilities, in [66], an optimization problem is formulated at two different time scales to

maximize the utility function in the integrated satellite-terrestrial network by considering

the joint design of cache placement, multicast-beamforming, base station and satellite clus-

tering, and transmit power. However, the optimal use of satellite operating bandwidth and

spot beam coverage was not considered therein.

Since the LEO satellites can only provide uninterrupted service to the particular area in

the earth fixed beam scenario for about 10 to 15 minutes during one orbital, it is crucial

to consider the HO scenario via inter-satellite link (ISL) [67]. Unfortunately, the existing

literature lacks proper algorithm designs for HO duration involving multiple LEOs. To fulfil
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this research gap and address the shortcomings of [63–66], we propose a flexible resource

management algorithm that fully leverages the flexible regenerative payload capabilities and

efficiently utilizes the ISL during the HO periods.

3.1.2 Contributions

In this chapter, we propose FLARE-LEO, a collaborative algorithm that leverages the flexible

payload and electronically steered phased array antennas embedded in LEOs. FLARE-LEO

incorporates various capabilities of LEOs, including demand-based adaptive beam patterning

and steering, multi-spot beam multicasting, caching, bandwidth and power optimization, as

well as ISL-HO. Our contributions can be summarized as follows:

• We formulate a joint design of spot beam coverage, operating bandwidth, and multi-

user precoding vectors to minimize the average delivery time in LEO-assisted caching

networks, including HO scenarios. Although flexible bandwidth has been considered in

satellite communications, to the best of our knowledge, this is the first work exploiting

spatial multiplexing [67] technique within each spot beam in LEO-enabled caching

systems thanks to fully flexible regenerative payload and electronically steered phased

array antennas capabilities.

• We propose to solve the joint optimization problem via two sub-problems: beam cov-

erage design and radio resource allocations. Unlike other clustering strategies [68], our

approach guarantees non-overlapping and non-empty clusters, aligning with our goal

of creating distinct spot beams and optimizing their coverage area. To tackle the non-

convexity of the second sub-problem, we reformulate it using a difference-of-convex

representation and propose two SCA-based iterative algorithms for joint optimization

of frequency bandwidth and multi-user precoding vectors, applied to both optimal and

zero-forcing (ZF) precoding designs. It is worth noting that the solution in [69] is not

applicable in our system since it does not consider the bandwidth allocation.

• We propose novel architectures for joint resources optimization between two LEOs dur-

ing the HO period, namely centralized architecture, in which the joint optimization is

executed in the GW, and distributed architecture, in which each LEO optimizes its own

radio resources and exchanges parts of the outputs to the other via ISL. These archi-

tectures differ in their computational capabilities, packet overhead, and communication
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needs between two LEOs. In addition, a deep learning (DL)-based CSI prediction is

proposed during the HO period to improve the effective system throughput.

• Finally, the advantages of the proposed framework are demonstrated via numerical

results based on the realistic Movielens dataset [70]. Simulation results indicate that

the adaptive beam scenario outperforms the fixed beam scenario by at least 1.22 times

in terms of effective mean data rate when the total power of the LEOs is varied between

(25–35) dBW. Additionally, the effective mean data rate of the proposed design in HO

periods is at least 1.5× higher than the conventional method without joint transmission.

The remainder of this chapter is organized as follows. Section 3.2 describes the sys-

tem model and parameters. Section 3.3 presents the problem formulation and proposed

solution. Section 3.4 introduces the HO scenario and DL-based CSI prediction scheme. Sec-

tion 3.5 presents the different HO schemes based on computational capability and overhead.

Section 3.6 demonstrates the effectiveness of the proposed scheme using numerical results.

Finally, Section 3.7 concludes the chapter.

Table 3.1: Summary of Main Notations

Symbols Description

M Number of spot beams
N Spatial multiplexing gain in each spot beam
Gm, Gu Antenna gain of spot beam m and UE u
θm, ϕm Elevation angle and azimuth angle
Dm, rm Slant distance and radius of coverage of beam m
T, τslot, τcsi, τpro Service duration time, time slot duration, channel es-

timation time, and processing time
hu,k,a,m Downlink channel coefficient
wk,a,m Precoding vector for the multicast group k of AUG a

Ǐm, Îm Intra-beam and inter-beam interferences
ba,m Bandwidth of associated group a within spot beam m
Ld(Θ) CNN-CSI loss function

3.2 System Model

We consider a LEO constellation providing services in a given area, in which a LEO satellite is

serving the users at a given time. HO occurs when the serving LEO satellite is departing and

a new LEO is joining the area. Without loss of generality, the considered system not in the

HO period comprises a LEO satellite serving a set U = {1, 2, ..., u, ..., U} of U single-antenna
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UEs within its coverage, a GW, and a centralized cloud, as shown in Fig. 1. The operation

during the HO period will be presented in Section IV. The LEO satellite is equipped with a

cache-enabled flexible regenerative payload and electronically steered phased array antennas

that can generate M spot beams of arbitrary shapes [71] to adaptively serve UEs within

its footprint. For ease of analysis, we assume the shape of spot beam m to be circular and

to leverage the users clustering and spot beam optimization, we assume a uniform antenna

radiation pattern within a spot beam. It is worth noting that once the spot beams are

determined, actual location-dependent path losses are employed to compute the received

signal power. The spot beam gain Gm(θm, ϕm) can be computed as [72]:

Gm(θm, ϕm) =
Area of isotropic sphere

Area of spot beam rad. pattn.
=

4D2
m

r2m
, ∀m, (3.1)

where θm and ϕm are the elevation and azimuth angles in radians relative to the boresight

of the spot beam m, rm is the spot beam’s radius, and Dm is the slant distance between the

LEO satellite and the m-th spot beam. To efficiently serve the UEs over a geographical area,

the spot beams are designed to be non-overlapping and adequately spaced, which allows full-
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Figure 3.1: A downlink multicasting LEO satellite system with a regenerative payload archi-
tecture. (a) Multicasting LEO satellite system. (b). Regenerative payload architecture.
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frequency reuse. Thanks to the advanced payload technology, each LEO satellite can deliver

up to N spatial multiplexing data streams in each spot beam [73]. The main notations used

in this chapter are summarized in Table 3.1.

3.2.1 Caching Model

By equipping with the advanced flexible regenerative payload, the LEO satellite is able to

process data and has a limited cache memory of C bits. The U UEs are interested in the

content library of F = {1, 2, ..., f, ..., F} at the centralized cloud consisting of F files. Due

to the non-geostationary nature, the LEO satellite has a limited service duration of T for

each satellite pass of a considered area. We consider offline caching policy [74] in which the

demand vector L is obtained in advance, e.g., via historical average or prediction model [34].

Based on L, the cache placement is executed at the beginning of each service duration based

on generic caching models, such as most popular caching (MPC), uniform caching (UC), and

random caching (RC). We focus on the transmission design in the delivery phase.

3.2.2 User Grouping

To exploit the flexible multi-beam capability, the users are served in groups depending on

their geographical locations and requested contents. Denote the set of UEs in each spot beam

m as Um ⊆ U , which is further divided into Km groups. The users within the same group

request the same content file. If Km ≤ N , all user groups can be served simultaneously

using the whole bandwidth B via spatial multiplexing techniques, i.e., multi-user precoding.

Otherwise, Km groups are divided into Am = ⌈Km
N ⌉ associate user groups (AUGs). Different

AUGs are served via orthogonal frequency bandwidths, while the users within one AUG

are served simultaneously via multi-user precoding technique. Let Am = {am1 , am2 , ..., amAm
}

denote the set of Am AUGs in spot beam m, and Ka,m denote the set of users belong to the

AUG a of spot beam m.

To illustrate, suppose 8 users {u1, u2, ..., u8} within spot beam m requests the correspond-

ing files {f1, f2, f3, f3, f4, f5, f5, f6}, which includes Km = 6 distinct files. If N = 4, then there

are two AUGs, which are: K1,m = {u1, u2, u3, u4, u5} and K2,m = {u6, u7, u8}3.1.
3.1This is one of possible AUG partitions. Optimal user grouping is not considered in this work.
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3.2.3 Transmission Model

We focus on the signal transmission during the delivery phase in which the LEO satellite

serves the users’ requested contents. The service duration is divided into multiple time slots,

whose duration is determined by the channel coherence time. The satellite-user channels are

assumed quasi-static within one time slot and vary from one time slot to another. For a

particular time slot, the signal received by the UE u in group k of AUG a (k ∈ Ka,m) in spot

beam m not in the HO time (see Section 3.4 for HO transmission) can be written as:

yu,k,a,m =hH
u,k,a,mwk,a,msk,a,m + Ǐm + Îm + nu, (3.2)

where hu,k,a,m ∈ CN×1 is the downlink channel coefficient to UE u of multicast group k

of AUG a; wk,a,m ∈ CN×1 is the precoding vector designed for the multicast group k of

AUG a; sk,a,m ∈ C is the data symbol requested by UEs of group k of AUG a via multicast

spot beam m with E[|sk,a,m|2] = 1; and nu ∼ CN (0, σ2
u) is the additive white gaussian noise

(AWGN). Ǐm is intra-spot beam interference that is caused by the concurrent transmission to

different user groups within the same AUG a of spot beam m, and Îm represents inter-spot

beam interference caused by power leakage from the adjacent beams. They are computed as

follows:

Ǐm ≜
∑

k′∈Ka,m\{k}

hH
u,k,a,mwk′,a,msk′,a,m; Îm ≜ ηm

P∑
m′

B
ba,m,

where ηm is the aggregate of the m-th spot beam inter-spot beam attenuation factor and

the free-space path loss, P∑
m′/B represents the accumulated interference density caused by

the adjacent spot beams, and ba,m is the frequency bandwidth allocated to AUG a within

spot beam m. The typical value for the inter-spot beam attenuation factor is around -30 dB.

After the Doppler compensation, we have hu,k,a,m = guvu(φu), where gu is the channel gain

and vu(φu) ∈ CN×1 is the downlink array response vector for UE u, wherein φu is the angle

of departure (AoD) [75].

We assume a Rician fading channel gu =
?
βuĝu, where βu = GmGuMλ2/(4πDu)

2 is the

large-scale fading and ĝu = αu(hLoS
a

κu/(κu + 1) + hNLoS

a

1/(κu + 1)) denotes the small-

scale fading channel model, with κu represents the Rician factor, αu = E{|ĝu|2}, hLoS is the

deterministic line-of-sight (LoS) part, and hNLoS represents the non-LoS (NLoS) component.
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Other parameters are given in Table 3.1. The real and imaginary parts of ĝu are independently

and identically distributed as N (
a

κuαu/2(κu + 1), αu/2(κu + 1)). Assuming perfect CSI at

the satellite, the signal-to-interference-plus-noise ratio (SINR) of UE u of AUG a at spot

beam m is calculated as follows:

γu,k,a,m =
|hH

u,k,a,mwk,a,m|2∑
k′∈Ka,m\{k}|hH

u,k,a,mwk′,a,m|2+Îaggba,m
, (3.3)

where Îagg ≜ (ηm(P∑
m′/B) + N0) and N0 is the noise spectral density. The impact of

imperfect CSI is studied in Section 3.6.6.

The effective transmission rate of a group k within AUG a, determined by the weakest

users in the group, in spot beam m, is calculated as follows:

Rk,a,m = Φba,m log2(1 + minu{γu,k,a,m}). (3.4)

where Φ ≜ 1 − τcsi+τpro
τslot

accounts for the effective transmission time, τslot is the time slot

duration, τcsi is the max channel estimation time, and τpro is the processing time whose

value largely depends upon the beamforming techniques and the hardware capability of the

regenerative payload.

3.3 Problem Formulation and Proposed Solution

3.3.1 Problem Formulation

In the pursuit of full exploitation of the flexible payload, we aim to jointly design the spot

beam coverage rm, frequency bandwidth allocation, and precoding vectors towards minimiz-

ing the worst-case average delivery latency. The joint optimization problem is formulated as
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follows:

P : min
{w,b,r,K}

t(w, b, r,K) (3.5a)

s.t. Rk,a,m ≥ Rreq, ∀k, a,m, (3.5b)∑
k∈Ka,m

∑
a∈Am

∥wk,a,m∥2 ≤ P∑(Km/K), ∀m, (3.5c)∑
a∈Am

ba,m ≤ B, ∀m, (3.5d)⊔
m∈M

πr2m ≥ A∑, (3.5e)

where w ≜ {wk,a,m}∀k,a,m, b ≜ {ba,m}∀a,m, r ≜ {rm}Mm=1, and K ≜ {Km}Mm=1 are the short-

hand notations; Rreq is the minimum QoS requirement; Am is the set of AUGs in spot beam

m; P∑ is the total transmit power of LEO satellite; K =
∑M

m=1Km; and A∑ is the total

service area of the LEO satellite.

The objective function t(w, b, r,K) of problem (3.5) is the end-to-end transmission la-

tency, assuming the FastForward capability [76], is computed as follows:

t(w, b, r,K) = max{k,a,m} pmax ppqk/RX +Dk/cq ,Πkqq (3.6)

where X ≜ {k, a,m} is the short-hand indexes, qk is the file size, Dk = maxu(Du) is the slant

distance between LEO satellite and k-th group, c is the speed of light. In (3.6), qk
RX

and Dk
c

are the transmission and the propagation delays, respectively, incurred while sending files

from the LEO satellite to UEs of group k; and Πk ≜ (1−µk)qk
RBH

+ D0
c is the transmission and

propagation delay accured in the backhaul link when sending the uncached file parts from

the centralized cloud to the LEO satellite, where µk ∈ [0, 1] denotes the fraction of the k-th

file on LEO satellite, RBH is the backhaul transmission rate, and D0 is the slant distance

between the GW and the LEO satellite.

In problem P, constraint (3.5b) guarantees the minimum users’ QoS requirement; con-

straint (3.5c) limits the power allocated to each LEO satellite spot beam; constraint (3.5d)

sets the total bandwidth at spot beam m not exceeding B. Finally, constraint (3.5e) ensures

that the non-overlapping union of the coverage areas of a total number of spot beams covers

at least the total service area of LEO satellite.

Difficulty to solve problem P: The challenge in solving problem P lies in both the non-

convexity of the objective function and constraints (3.5b) and (3.5e), which result in a non-
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deterministic polynomial time hard problem. In particular, the spot beam coverage partition

does not only affect the user grouping but also the antenna radiation patterns and hence the

effective channel gains.

3.3.2 Proposed Solution

One might optimize the spot beam coverages jointly with the bandwidth and precoding

vectors for every time slot. This method, however, imposes significant computation and

operating costs. Instead, we design the spot beam coverages for the whole service duration T

and decouple the original problem P3.2 into two sub-problems: one optimizes the spot beam

coverage area for the long-time scale T and the other optimizes bandwidth and precoding

vectors for the short-time scale, e.g., on a time slot basis.

Minimization of the Spot Beam Coverage Area

Unlike conventional payload, the full-digital payload offers full flexibility to design spot beam

shapes optimized to the geographical users distribution. Since the effective channel gain is

inversely proportional to the spot beam coverage, we aim to minimize the total multi-spot

beams coverage while guaranteeing all the users are within the LEO satellite’s coverage. The

multi-spot beam coverage design is formulated as follows:

P1 : min{rm}
∑

m∈M
πr2m (3.7a)

s.t.
⊔

m∈M
πr2m ≥ A∑, ∀m, (3.7b)

0 < rm ≤ rMax, ∀m, (3.7c)

where rMax is the maximum spot beam radius.

Intuitively, problem P1 aims at finding the optimal radius of M non-overlapping spot

beams, while ensuring that all the users are within the coverage of the designed spot beams,

as stated in constraint (3.7b). To solve the problem P1, we employ the K-Means++ [77]

clustering technique. The clustering is done based on the position of U UEs that demand the

service, so the spot beam center is likely to point in the direction where the number of UEs

is dominant. Since there are M spot beams, the U UEs are categorized into M clusters such

3.2It is only efficient when the geographical distribution of users and requested contents changes at a much
slower rate than the time slot duration.
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that m-th spot beam serves m-th cluster. The problem P1 can be reformulated in terms of

clustering as follows:

P ′
1 : min{Um,cUm ,rm}

∑
m∈M

πr2m (3.8a)

s.t. (3.7c);
⊔

m∈M
Um == U , (3.8b)

(yu − cUm)(yu − cUm)
′ ≤ r2m, ∀u,m, (3.8c)

where yu is the 2-D coordinate of user u, Um is the set of UEs in the m-th cluster and cUm is

the two-dimensional (2D) centroid of m-th cluster. Constraint (3.8b) ensures that all unique

UEs lie within the total service area of LEO satellite; constraint (3.8c) guarantees that UEs

are clustered based on the Euclidean distance between yu and cUm , which is bounded by the

radius of coverage of the cluster, i.e., rm.

The procedure to obtain Um, cUm , and rm is shown in Algorithm 3.3. To find the bound-

aries of the clusters, Voronoi tessellation technique [78] is used, where the boundaries of the

Voronoi polygons are computed using cUm . However, for mathematical tractability, the cov-

erage area of the spot beam is considered circular. Using the outputs of Algorithm 3.3, user

grouping is done as shown in Section 3.2.2 to get Am, Ka,m, and Km, which are used in

solving the second sub-problem.

Minimization of Content Delivery

Once the spot beams are determined, we are ready to optimize the bandwidth allocation and

precoding vectors to minimize content delivery latency. We assume that the time slot duration

is sufficient for the satellite to serve the current users’ requests, and the joint bandwidth and

precoding vectors design is formulated as follows:

P2 : min{b,w} t(w, b, r,K) (3.9a)

s.t. (3.5c); (3.5d); ba,mΦ log2(1 + min
u
{γu,k,a,m}) ≥ Rreq, ∀ k, a,m, (3.9b)

where t(w, b, r,K) is given in (3.6).

The problem P2 is non-convex due to the objective function and the constraint (3.9b).

To tackle this difficulty, we introduce slack variables zk,a,m, γk,a,m and reformulate P2 into a
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more tractable form as follows:

P
′

2 : min
{w,b,γ,z}

max
k,a,m

pmax p
qk

zk,a,m
+

Dk

c
,Πkqq (3.10a)

s.t. ba,mΦ log2(1 + γk,a,m) ≥ zk,a,m,∀k, a,m, (3.10b)

(|hH
u,k,a,mwk,a,m|2)/(

∑
k′∈Ka,m\k

|hH
u,k,a,mwk′,a,m|2 + Îaggba,m) ≥ γk,a,m, ∀u, k, a,m, (3.10c)

ba,mΦ log2(1 + γk,a,m) ≥ Rreq, ∀k, a,m, (3.10d)

(3.5c), (3.5d),

where γ ≜ {γk,a,m}∀k,a,m and z ≜ {zk,a,m}∀k,a,m.

The main challenge in solving problem P ′
2 lies in the first three constraints, i.e., (3.10b),

(3.10c), and (3.10d). We can handle constraint (3.10b) by considering the slack variable

xk,a,m, which can be reformulated as:

Φ log2(1 + γk,a,m) ≥ xk,a,m, (3.11)

ba,mxk,a,m ≥ zk,a,m. (3.12)

Constraint (3.11) is convex, and to deal with constraint (3.12), we use an equivalent repre-

sentation as:

(3.12)⇔ (ba,m + xk,a,m)2 ≥ 2zk,a,m + b2a,m + x2k,a,m, (3.13)

which has a difference-of-convex form as both sides are convex functions. The difference-of-

convex programming in constraint (3.13) can be easily tackled using the iterative-based SCA

method by taking the first-order approximation of the left-hand-side (LHS) of the constraint

(3.13). Let b̄a,m and x̄k,a,m be the feasible values of the constraint (3.13) in the current

iteration. In the next iteration, the constraint (3.13) can be approximated as a convex

constraint as:

2(ba,m + xk,a,m)(b̄a,m + x̄k,a,m)− (b̄a,m + x̄k,a,m)2 ≥ 2zk,a,m + b2a,m + x2k,a,m. (3.14)

To tackle the non-convexity of constraint (3.10c), we represent it in an equivalent form as:

(|hH
u,k,a,mwk,a,m|2)/γk,a,m ≥

∑
k′∈Ka,m\{k}

|hH
u,k,a,mwk′,a,m|2 + Îaggba,m. (3.15)
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Algorithm 3.3 Iterative Algorithm to Solve (3.8a)

Input: U , A∑, yu, M
Output: Um, cUm , rm

Init : {cUm}Mm=1, i = 1, Imax, dis = [], ϵ, err = 1
1: Based on yu, apply the K-Means++ cluster Alg.
2: while err > ϵ and i < Imax do
3: Calculate Um using K-Means++ Alg.

4: Compute c
(i)
Um

= mean{yu | u ∈ Um}
5: Compute err = |c(i)Um

− c
(i−1)
Um
|

6: Update c
(i−1)
Um

← c
(i)
Um

; i← i+ 1
7: end while
8: Calculate radius rm of the cluster Um
9: for m = 1 to M do

10: for j = 1 to length{Um} do
11: Compute

dis(j) =
a

(yu − cUm)(yu − cUm)
′

12: end for
13: Compute rm = ⌈(max{dis})⌉
14: end for

Since the constraint (3.15) is also in difference-of-convex form, we use the SCA method to

solve it iteratively. Taking w̄k,a,m and γ̄k,a,m as the feasible value, (3.15) can be approximated

as:

2wH
k,a,mHu,k,a,mw̄k,a,m

γ̄k,a,m
− γk,a,m

w̄k,a,mHu,k,a,mw̄k,a,m

γ̄2k,a,m
≥

∑
k′∈Ka,m\k

wH
k′,a,mHu,k,a,mwk′,a,m + Îaggba,m, (3.16)

where Hu,k,a,m ≜ hu,k,a,mhH
u,k,a,m. Using (3.14) and (3.16), the problem P ′

2 can be approxi-

mated by a convex optimization problem P ′′
2 as:

P ′′
2 (w̄,b̄,x̄,γ̄) : min

{w,b,γ,x,z}
max
k,a,m

ˆ

max

ˆ

qk
zk,a,m

+
Dk

c
,Πk

˙˙

(3.17a)

s.t. (3.5c), (3.5d), (3.11), (3.14), (3.16),

Φ log2(1 + γk,a,m) ≥ Rreq

ba,m
∀k, a,m, (3.17b)

where x ≜ {xk,a,m}∀k,a,m and (3.17b) is directly obtained from (3.10d).

The problem P ′′
2 is a convex problem and it can be solved directly using the interior
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Algorithm 3.4 Iterative Algorithm to Solve (3.9a)

Input: Am, Ka,m, Km, hu,k,a,m, µk, Dk, c, RBH , ηm, P∑
m′/B

Output: w∗
k,a,m, b

∗
a,m, x

∗
k,a,m, γ

∗
k,a,m, z

∗
k,a,m

Init:w̄k,a,m, b̄a,m, x̄k,a,m, γ̄k,a,m, z̄k,a,m, i = 1, Imax, ϵ, err = 1
1: while err > ϵ and i < Imax do
2: Solve (3.17a) to get w∗

k,a,m, b∗a,m, x∗k,a,m, γ∗k,a,m, z∗k,a,m
3: Compute t(i)

4: Compute err = |t(i) − t(i−1)|
5: Update w̄k,a,m ← w∗

k,a,m; b̄a,m ← b∗a,m; x̄k,a,m ← x∗k,a,m; γ̄k,a,m ← γ∗k,a,m; t
(i−1) ← t(i);

i← i+ 1
6: end while

point method [79]. Since the solutions of problem P ′′
2 should satisfy all the constraints of

problem P2, the solution provided by problem P ′′
2 is sub-optimal for problem P2 and also

depends largely on the initialization of the parameters w̄, b̄, x̄, and γ̄. Therefore, we propose

Algorithm 3.4 to solve (3.9).

3.3.3 Complexity of the Proposed Algorithm

The computational complexity of Algorithm 3.3 is O(2MUImax + MKm) [80]. Assuming

that the interior point method is used to solve the convex problem (3.6), in the worst case

the complexity is equal to the cube of the number of real variables [79]. Since there are

⌈Km/N⌉N2 + ⌈Km/N⌉N real variables in the problem (3.6), the complexity for solving

(3.6) is OpMImax

`

⌈Km/N⌉N2 + ⌈Km/N⌉N
˘3

q.

3.4 HO Scenario and Channel Prediction

Due to the short service duration of each LEO satellite pass, HO is important in LEO satellite

constellations to guarantee a smooth service. To ensure proper HO in LEO satellite networks,

the satellites involved in the HO process must have sufficient time to communicate with each

other via an ISL, provided that they are capable of providing service to the same target

area [66]. Additionally, at the beginning of the HO period, the first (departing) LEO satellite

informs the second (approaching) LEO satellite about the allocation of spot beams.
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Figure 3.2: HO scenario in a downlink multicasting LEO satellite system.

3.4.1 Joint Transmission during the HO Period

To improve the service performance during the HO period, we propose a joint transmission

scheme, in which two satellites are jointly sending data to the same UEs for spatial diversity,

assuming that the LEOs involved in the HO process are perfectly synchronized, as depicted

in Fig. 3.2. Denote X ≜ {k, a,m}, the signal received by UE u can be written as:

yHO
u,X = (hH

1,u,Xw1,X + hH
2,u,Xw2,X)sX + ǏHO

m + ÎHO
m + nu, (3.18)

where hi,u,X and wi,X are the downlink channel coefficient and precoding vectors from LEO

satellite i = 1, 2 to the target UE, and ǏHO
m and ÎHO

m are the intra-spot beam interference

and inter-spot beam interference, respectively. ǏHO
m and ÎHO

m are defined as follows:

ǏHO
m ≜

∑
k′∈Ka,m\k

`

hH
1,u,Xw1,X′ + hH

2,u,Xw2,X′
˘

sX′ , (3.19)

ÎHO
m ≜

´

η1,mP1,
∑

m′/B + η2,mP2,
∑

m′/B +N0

¯

bHO
a,m, (3.20)

where X′ ≜ {k′, a,m} , η1,m and η2,m represent the aggregated inter-spot beam attenuation

factor and the free-space path loss radiated by LEO satellite 1 and 2, respectively. Simi-

larly, (P1,
∑

m′/B) and (P2,
∑

m′/B) represent the accumulated interference density caused by
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the adjacent spot beams radiated by LEO satellite’s 1 and 2, respectively, and bHO
a,m is the

bandwidth of AUG a within spot beam m during the HO period.

The SINR during the HO period can be written as γHO
u,X =

|hH
1,u,Xw2,X + hH

2,u,Xw2,X|2∑
k′∈Ka,m\{k}|hH

1,u,Xw1,X′ + hH
2,u,Xw2,X′ |2+ÎHO

agg b
HO
a,m

, (3.21)

where ÎHO
agg ≜

´

η1,m(P1,
∑

m′/B) + η2,m(P2,
∑

m′/B) +N0

¯

.

The minimum effective transmission rate during the HO period can be expressed as:

RHO
X = bHO

a,mΦ log2

´

1 + min
u

{
γHO
u,X

}¯

. (3.22)

It is worth noting that the achievable rate in (3.22) can be only realized if the precoding

vectors are properly designed, which requires the CSI from both LEO satellites. Due to the

difference in operating frequencies between the uplink and downlink in satellite communica-

tions, the UEs must provide feedback on the downlink CSI to the LEO satellite to design the

precoding vectors.

During the HO process, LEO satellite 1, located at position pos1, sends pilot signals to

single-antenna UEs to estimate downlink CSI and maintain active links. The UEs provide

the estimated CSI to LEO satellite 1, which then applies precoding and initiates data trans-

mission. The estimated downlink CSI is assumed to be perfect and remains unchanged when

received by LEO satellite 1. Meanwhile, LEO satellite 2 at position pos2 uses a DL-based

model to determine the downlink channel, which allows synchronized transmission of the

same data symbols as LEO satellite 1. In Section 3.5, we explore various HO techniques to

achieve this synchronization.

3.4.2 DL-based Downlink CSI Prediction

The conventional communication protocol is not designed to facilitate joint transmission

between two LEO satellites, where the channel estimation period is designated to estimate

CSI from one LEO satellite at a time. With a single antenna, the UEs cannot estimate

the CSI from both LEO satellites without having the communication protocol modified,

e.g., a change in the frame structures. To avoid such modification and minimize the CSI

estimation time, we propose a DL-based channel prediction scheme applied to LEO 2 (the
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Figure 3.3: DL-based 2D-CNN model for downlink CSI prediction.

departing satellite) during the HO period, and apply channel estimation to LEO 1 (the

entering satellite), as shown in Fig. 3.3. Since the departing satellite has already served

the UEs in the current serving period, we can utilize the historical CSI estimates to predict

the CSI during the HO time. On the other hand, the entering satellite does not possess

any historic CSI measurements. Hence, its CSI can only be estimated through conventional

pilot-assisted CSI estimation.

In particular, a DL-based 2D-convolutional neural network (CNN) model [34] is employed

to predict the downlink CSI for LEO satellite 2 at position pos2. The downlink CSI, i.e.,

hu depends on the downlink channel gain, i.e., gu and array response vector, i.e., vu(φu).

Taking into account that the UEs position is static, vu(φu) can be pre-determined based on

the position of the LEO satellite and the position of the UE. Thus, to predict ĝu of U UEs

for HO duration, i.e., (t◦ + T − τ) at once, the gu of U UEs during time t are vertically

stacked to form Gt ∈ CU×1 matrix. The historical data of the G is taken as image input data

with two channels, then processed by the lc convolution layers sequentially, which is three in

our case, then flattened and processed by the single fully connected neural network (FCNN),

and finally reshaped to get Ĝt◦+T−τ . The u-th row of Ĝt◦+T−τ corresponds to ĝu,t◦+T−τ .

Thus, ĥu,t◦+T−τ = Ĝt◦+T−τ (u, :)· vu,t◦+T−τ . To meet the operational requirements of the

neural network, we introduce the operator ξ to map the G from the complex domain to the
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real domain, i.e., ξ ◦G = {R(G), I(G)}. The real part R(G) and imaginary part I(G) can

be considered as the first channel and second channel, respectively. In addition, the inverse

mapping of the operator ξ is ξ−1.

In Fig. 3.3, the CNN-based downlink CSI (CNN-CSI) prediction model utilizes convolu-

tional layers to extract spatial features from the channel gain. The number of filters in the

convolutional layers is set to nf , nf/2, and nf/4 respectively. The first convolutional layer

takes a 2D input of size U×2 and uses nf filters of size 3×3 with a stride of 1×1. The output

is then passed through a downsampling layer using max-pooling with a pool size of 2 × 2,

along with batch normalization (BN) and dropout techniques [81, 82]. The resulting down-

sampled data is fed into the second convolutional layer, which further reduces the number

of filters. The process is repeated in the third convolutional layer, resulting in feature maps

of size ((U − 1)× 1× nf )/(2× 4). These features are flattened and passed to a FCNN for

regression. Each convolutional layer utilizes a rectified linear unit (ReLU) activation function

to introduce non-linearity. The FCNN layer uses the hyperbolic tangent (tanh) activation

function to produce outputs in the range of [-1, 1] [83]. Finally, the results of the FCNN layer

are reshaped into the real and imaginary part of the channel gain matrix to get the predicted

output {R(Ĝt◦+T−τ ), I(Ĝt◦+T−τ )} of size U × 2. Then, the future downlink CSI can be

obtained, i.e., ĥu(t◦ + T − τ) = (ξ−1 ◦ {R(Ĝt◦+T−τ (u, :), I(Ĝt◦+T−τ (u, :))}) · vu(t◦ + T − τ).

Our regression problem utilizes the mean square error (MSE) [84] method for training,

and the Adam optimizer [85] is employed for weight and learning rate updates. The training

of the CNN-CSI model follows the mini-batch gradient descent approach, where the dataset

of size D is divided into D batches of size one. Consequently, the loss function based on the

data points (pixel)-based MSE [86], for each batch (d ∈ D) is computed as follows:

Ld(Θ) =

∥∥∥R(Gd)−R(Ĝd)
∥∥∥2 + ∥∥∥I(Gd)− I(Ĝd)

∥∥∥2
d× U × 2

, (3.23)

where d in the denominator represents the mini-batch size, and U × 2 represents the total

number of data points that make up G (including both real and imaginary parts).

The CNN-CSI model weights (Θ) are updated after each batch by minimizing the loss

function L(Θ). To reduce training time and propagation delay in the live network, transfer

learning is employed. Initially, the CNN-CSI model is trained at the GW. Then, a new CNN

model is created by freezing the first two layers of the previous model (Fig. 3.3). This new
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model is trained again on the computationally constrained LEO satellite 2, transferring more

general features learned by the initial layers just before the HO period.

Complexity of the Proposed Algorithm

The computational complexity to train the CNN-CSI model with lc layers is given byO(EmaxD∑lc
l=1 nf,l−1s

2
f,lnf,l2U) [87], where nf,l is the number of filters in the l-th layer, sf,l is the spa-

tial size of the filters in the l-th layer, D is the total number of batches, and Emax is the

maximum number of training epochs required to train the model.

3.5 Joint Precoding Vectors Design during the HO Period

In this section, we present the joint design of the precoding vectors at the two LEO satellites

during the HO time, given the predicted CSI from the previous section. Perfect synchroniza-

tion is assumed between the two LEO satellites during the HO. We propose two collaboration

schemes for computing the precoding vectors: i) centralized collaboration (CC), in which the

precoding vectors are computed centrally [69, 88, 89] at the GW and ii) distributed collabo-

ration (DC), in which two LEO satellites jointly compute the precoding vectors via ISL link

without using the GW.

3.5.1 Centralized Collaboration

In this collaboration mode, all the computation is performed centrally at the GW which

requires CSI feedback from the LEO satellites. From the system point of view, two LEO

satellites are considered as parts of the compound antenna arrays of size 2N . Denote

hjnt,u,k,a,m = [hH
1,u,k,a,m, ĥH

2,u,k,a,m]H ∈ C2N×1 as the aggregated channel gains from two

LEO satellites to the UE. We aim to design the optimal precoding vector wjnt,k,a,m ∈ C2N×1

for user group k applied to both LEO satellites.

The effective achievable rate of group k of associated group a of spot beam m during the

CC-based HO (CC-HO) period, using optimal-based precoding design can be given as:

RCC,opt
k,a,m = bopta,mΦ log2(1 + min

u
{γCC,opt

u,k,a,m}) (3.24)

where γCC,opt
u,k,a,m ≜

|hH
jnt,u,k,a,mwjnt,k,a,m|2∑

k′∈Ka,m\{k}|hH
jnt,u,k,a,mwjnt,k′,a,m|2+ÎHO

agg b
opt
a,m

, wherein bopta,m and wjnt,k,a,m are

the bandwidth allocation and joint precoding vectors, respectively.
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Although each LEO satellite is seen as parts of the compound antenna array of dimension

2N ×1, there are specific restrictions in designing the precoding vectors wjnt,k,a,m in meeting

the per-LEO satellite transmit power constraints. Because the first N rows of wjnt,k,a,m

will be applied to the LEO satellite 1 and the last N rows are applied to the LEO satellite

2, we introduce binary diagonal selection matrices J1 = diag([1N ,0N ]) ∈ {0, 1}2N×2N and

J2 = diag([0N ,1N ]) ∈ {0, 1}2N×2N . Then, the joint bandwidth and precoding vectors design

can be formulated as follows:

PCC,opt : min
{w,b}

max
k,a,m

˜

max

˜

qk

RCC,opt
X

+
Dk

c
,Πk

¸¸

(3.25a)

s.t.RCC,opt
X ≥ Rreq,∀k, a,m, (3.25b)∑

k∈Ka,m

∑
a∈Am

∥J1wjnt,X∥2 ≤
P∑Km

K
,∀m, (3.25c)∑

k∈Ka,m

∑
a∈Am

∥J2wjnt,X∥2 ≤
P∑Km

K
,∀m, (3.25d)∑

a∈Am

bopta,m ≤ B, ∀m, (3.25e)

where X ≜ {k, a,m}, w ≜ {wjnt,X}∀k,a,m, and b ≜ {bopta,m}∀a,m are the short-hand notations

for indexes, precoding vectors and bandwidth allocation, respectively.

We observe that problem (3.25) is similar to problem (3.9) except constraints (3.25c) and

(3.25d). Fortunately, these constraints are convex, thus we can adopt the similar technique

developed in Section 3.3.2. Upon obtaining the optimal precoding vectors wjnt,k,a,m, the GW

sends the corresponding precoding coefficients to the two LEO satellites for data transmission.

3.5.2 Distributed Collaboration

Although the centralized collaboration scheme offers the optimal precoding vectors, it re-

quires excessive signalling overhead, which motivates us to propose the distributed precoding

design scheme. In this scheme, each LEO satellite compute the bandwidth allocation and pre-

coding vectors based only on its local CSI and limited exchanged information from the other

LEO satellite. Assuming a high-capacity ISL, the two LEO satellites iteratively improve its

solutions via iterations. It is noted that the LEO satellites in the distributed collaboration

only exchange their power scaling factors, while the bandwidth resource per user group is

optimized locally.

To minimize the exchanged overhead and computation load, we consider ZF-based joint

bandwidth and power allocation in this scenario. Let Wi,a,m = HH
i,a,m(Hi,a,mHH

i,a,m)−1
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denote the ZF-beamforming matrix for AUG a of spot beam m of LEO satellite i, i = 1, 2,

where Hi,a,m is the corresponding aggregated channel matrix. Under the ZF design, the

precoding vector designed at LEO satellite i ∈ {1, 2} for the group X ≜ {k, a,m} is given

as wZF
i,X =

?
pi,Xw̃i,X, where w̃i,X is the k-th column of the ZF precoding matrix, and pi,X

is the power scaling factor. By definition, hH
i,u,k,a,mw̃i,k′,a,m = δk,k′ ,∀i, u, a,m assuming the

accurate CSI estimation and prediction. As a result, the achievable effective rate during the

DC-based HO (DC-HO) period is computed as:

RDC,ZF
X

= bZF
a,mΦ log2

´

1 + min
u

{
`

|hH
1,u,Xw

ZF
1,X + hH

2,u,Xw
ZF
2,X |2

˘

/
´ ∑
k′∈Ka,m\{k}

|hH
1,u,Xw

ZF
1,X′ + hH

2,u,Xw
ZF
2,X′ |2+ÎHO

agg b
ZF
a,m

¯}¯

= bZF
a,mΦ log2

´

1 +
(
?
p1,X +

?
p2,X)

2

ÎHO
agg b

ZF
a,m

¯

,∀k, a,m. (3.26)

Denote α1,X ≜ ∥w̃1,X∥2 and α2,X ≜ ∥w̃2,X∥2, the short-term delivery period minimization

during DC-HO period under the ZF design can be formulated as:

PDC,ZF : min
{p1,p2,b}

max
{k,a,m}

˜

max

˜

qk

RDC,ZF
X

+
Dk

c
,Πk

¸¸

(3.27a)

s.t.RDC,ZF
X ≥ Rreq, ∀k, a,m, (3.27b)∑

k∈Ka,m

∑
a∈Am

α1,Xp1,X ≤
P∑Km

K
,∀m, (3.27c)∑

k∈Ka,m

∑
a∈Am

α2,Xp2,X ≤
P∑Km

K
,∀m, (3.27d)∑

a∈Am

bZF
a,m ≤ B, ∀m, (3.27e)

where p1 ≜ {p1,X}∀k,a,m, p2 ≜ {p2,X}∀k,a,m and b are the short-hand notations.

The problem PDC,ZF is non-convex due to the objective function (3.27a) and (3.27b), re-

spectively. From the implementation perspective, the computation of the precoding vectors,

as well as the bandwidth allocations, have to be executed at each LEO satellite separately.

Furthermore, the bandwidth allocation b must be synchronized such that they allocate the

same bandwidth to the requesting UEs. To achieve this goal, we propose an iterative al-

gorithm in which two LEO satellites consecutively optimize their power factors and the
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bandwidth allocation, assuming the output of the other LEO satellite is shared. In the ini-

tialization, the problem PDC,ZF is solved in the LEO 1 considering arbitrary feasible power

value
?
p̄2,k,a,m at LEO 2. The resulting joint optimization problem can be written as:

PDC,ZF
LEO1 (p̄2) : min

{p1,b1}
max

{k,a,m}

´

max
´ qk

RDC,ZF
1,X

+
Dk

c
,Πk

¯̄

(3.28a)

s.t. b1,a,mΦ log2

´

1 + (
?
p1,X +

a

p̄2,X)
2/(ÎHO

agg b1,a,m)
¯

≥ Rreq, ∀k, a,m; (3.27c), (3.27e), (3.28b)

where RDC,ZF
1,X ≜ b1,a,mΦ log2 p1 +

(
?
p1,X+

?
p̄2,X)2

(ÎHO
agg b1,a,m)

q.

The main challenge in solving problem PDC,ZF
LEO1 lies in the objective function and the first

constraint (3.28b). We can handle the constraint (3.28b) by considering the slack variables

x1,k,a,m, which can be reformulated as:

b1,a,mΦ log2

´

1 +
x1,k,a,m

Îaggb1,a,m

¯

≥ Rreq, ∀k, a,m, (3.29)

?
p1,k,a,m +

a

p̄2,k,a,m ≥
?
x1,k,a,m. (3.30)

Proposition 3.1 The rate function under the ZF design in (3.29) is jointly concave in b1,a,m

and x1,k,a,m.

The proof of Proposition 3.1 is shown in Appendix A. The constraint (3.30) is a difference-

of-convex form as both sides are convex functions. Thus, it can be efficiently solved using the

iterative-based SCA method by taking the first-order approximation of the right-hand-side

(RHS) of the constraint (3.30). Let x̄1,k,a,m be a feasible value of the constraint (3.30) in

the current iteration. In the next iteration, the constraint (3.30) can be approximated as a

convex constraint as:

?
p1,k,a,m +

a

p̄2,k,a,m ≥
x1,k,a,m

2
?
x̄1,k,a,m

+

?
x̄1,k,a,m
2

. (3.31)

Now, the problem PDC,ZF
LEO1 can be approximated by a convex optimization problem
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PDC,ZF ′

LEO1 (p̄2, x̄1):

min
{p1,b1,x1}

max
{k,a,m}

pmax p
qk

RDC,ZF
1,X

′ +
Dk

c
,Πkqq (3.32a)

s.t. (3.29), (3.31), (3.27c), (3.27e),

where x1 ≜ {x1,k,a,m}∀k,a,m and x̄1 ≜ {x̄1,k,a,m}∀k,a,m are the short-hand notations.

Let p∗1,X be the solution of problem (3.32). This value will be communicated to the LEO

2 to compute its optimal transmit power, i.e., p2,X. It is worth noting that there is no need

to exchange the bandwidth allocation b1,a,m to perform the optimization in LEO satellite 2,

but only for checking the termination criteria. The optimization problem in LEO 2 can be

formulated similarly as in (3.28) with the satellite subscript 1 switched with 2. Following

the same method, the problem PDC,ZF
LEO2 can be solved by using the SCA approach of its

approximated convex problem PDC,ZF ′

LEO2 (p̄1, x̄2):

min
{p2,b2,x2}

max
{k,a,m}

´

max
´ qk

RDC,ZF
2,X

′ +
Dk

c
,Πk

¯¯

(3.33a)

s.t. b2,a,mΦ log2 p1 + x2,X/(Î
HO
agg b2,a,m)q ≥ Rreq, ∀k, a,m,

a

p̄1,X+
?
p2,X ≥

x2,X
?
x̄2,X

+

?
x̄2,X
2

, ∀k, a,m; (3.27d), (3.27e),

where RDC,ZF
′

2,X ≜ Φa,mb2,a,m log2 p1 + x2,X/(Î
HO
agg b2,a,m)q.

The optimal output powers p∗2,x of P
DC,ZF ′

LEO2 will be forwarded to LEO satellite 1 to execute

the next iteration of optimization. The iterations will continue until the convergence of

the optimal transmit powers and bandwidth allocation. The detailed steps of the proposed

algorithms are presented in Algorithms 3.5 and 3.6.

3.5.3 Major Technical Challenges & Their Solutions

For the signals emitted by the LEO satellites involved in the HO process introduced in

Sections 3.5.1 and 3.5.2, such that the signals add constructively to increase the total signal

strength. Some of the major technical challenges that could be encountered when implement-

ing our proposed HO approach in a real system, along with possible directions to address

them, are provided below:
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Algorithm 3.5 Iter. Alg. to Solve
(3.27a)

Input: Am, Ka,m, Km, h1,u,k,a,m,
w1,k,a,m, µk, Dk, c, RBH , η1,m,
P1,

∑
m′/B

Output: p∗1,k,a,m, b
∗
1,a,m, x

∗
1,k,a,m

Initialization: p̄1,k,a,m, x̄1,k,a,m,
b̄1,a,m = 1, b̄2,a,m = 5, i = 1, Imax, ϵ,
err = 1

1: while (b̄1,a,m ! =b̄2,a,m) do
2: Solve (3.32) at LEO Satellite 1
3: while err > ϵ and i < Imax do
4: Solve (3.32) to get p∗1,k,a,m, b

∗
1,a,m,

x∗1,k,a,m

5: Compute t
DC,ZF (i)
LEO1 & err =

|tDC,ZF (i)
LEO1 − t

DC,ZF (i−1)
LEO1 |

6: Update x̄1,k,a,m ← x∗1,k,a,m;

t
DC,ZF (i−1)
LEO1 ← t

DC,ZF (i)
LEO1 ; i ←

i+ 1
7: end while
8: Update p̄1,k,a,m ← p∗1,k,a,m, b̄1,a,m ←

b∗1,a,m
9: Send/Receive via ISL

10: end while

p̄1,k,a,m

b̄1,a,m

p̄2,k,a,m

b̄2,a,m

Algorithm 3.6 Iter. Alg. to Solve
(3.27a)

Input: Am, Ka,m, Km, ĥ2,u,k,a,m,
ŵ2,k,a,m, µk, Dk, c, RBH , η2,m,
P2,

∑
m′/B

Output: p∗2,k,a,m, b
∗
2,a,m, x

∗
2,k,a,m

Initialization: p̄2,k,a,m, x̄2,k,a,m,
b̄1,a,m = 1, b̄2,a,m = 5, i = 1, Imax, ϵ,
err = 1

1: while (b̄1,a,m ! =b̄2,a,m) do
2: Solve (3.33) at LEO satellite 2
3: while err > ϵ and i < Imax do
4: Solve (3.33) to get p∗2,k,a,m, b

∗
2,a,m,

x∗2,k,a,m

5: Compute t
DC,ZF (i)
LEO2 & err =

|tDC,ZF (i)
LEO2 − t

DC,ZF (i−1)
LEO2 |

6: Update x̄2,k,a,m ← x∗2,k,a,m;

t
DC,ZF (i−1)
LEO2 ← t

DC,ZF (i)
LEO2 ; i ←

i+ 1
7: end while
8: Update p̄2,k,a,m ← p∗2,k,a,m, b̄2,a,m ←

b∗2,a,m
9: Send/Receive via ISL

10: end while

• ISL-based bandwidth synchronization: When two satellites are widely separated, point-

ing, tracking, and acquisition required to establish ISL connection between them re-

quires on-board special hardware embedded in them [90].

• Difference of slant distance between satellites involved in HO and a reference location

[91]: To address this timing offset before transmission is required, which becomes more

challenging when both the transmitter and receiver are in motion.

• CSI prediction accuracy: In the DC-HO scheme, predicting the CSI for the leaving

LEO satellite relies on historical CSI information, the spatial and temporal correlation

between data points, and the specific machine learning techniques used for prediction.
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3.6 Performance Evaluation on Realistic System Parameters

In this section, we evaluate the performance of the proposed framework based on realistic

LEO satellite parameters and Movielens dataset.

3.6.1 LEO Satellite Footprint

(a) (b)
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Figure 3.4: LEO satellite beam coverage and location-based UE traffic. (a) Footprint. (b)
Traffic. (c) Content demand vector.

(a) (b)

Figure 3.5: LEO satellite spot beam at time t. (a) Fixed beam. (b) Adaptive beam.

The Starlink LEO satellite 4798 is assumed to be in orbit just above New York (NY) [92].

The LEO satellite is at an altitude (Hs) of 550 km just above Earth’s surface. The elevation

angle (ϵ◦) of the satellite with the Earth’s center is assumed to be 40◦. Based on Hs and ϵ◦,



User-Centric Flexible Resource Management Framework for LEO Satellites With Fully
Regenerative Payload 61

A∑ is about 1.05 million km2 with NY as the beam center and a coverage radius (RLEO) of

≈ 578 km [93]. The footprint of the LEO satellite is shown in Fig. 3.4(a).

3.6.2 Content Popularity Based on the Movielens Dataset

The content popularity is generated from the location-based Movielens dataset, in which

1M movie ratings are provided. The dataset contains UE IDs, UE locations (ZIP code),

movie IDs, movie genres, and rating time, from which we can calculate the distribution of

requests in any given time period. We use the ZIP code information to accurately determine

the geographic distribution of requests by mapping the ZIP codes with the corresponding

latitude and longitude. Since the 1M dataset covers the entire U.S., only UEs falls under the

LEO’s coverage of the upper part of the U.S. East Coast are considred, shown in Fig. 3.4(b).

After calculating the content popularity L within the covered region, only top 200 movie ID’s

are taken into account. The most popular movie is indexed as 1, while the least popular is

indexed as 200. The popularity of the top 200 movies within LEO satellite beam coverage

region is shown in Fig. 3.4(c). For each t duration, both the location and the content requested

by UEs are randomly changed based on the historical probability distribution.

3.6.3 Earth Fixed Beam Duration of LEO Satellite

In this sub-section, we calculate the elevation angle (ϵu) of UEs located within the footprint

of the Starlink LEO satellite 4798 (see Fig. 3.5) for a total connection time of 11 to 12 minutes

during one orbital period, taking into account the earth fixed beam scenario. We compute ϵu

based on the inner product of the LEO satellite’s position vector in its orbit and the position

vector of the UE, using the earth-centered-earth-fixed coordinate system. Specifically, we use

the formula ϵu = sin−1
´

yu·(ys−yu)
||yu||||ys−yu||

¯

[94], where ys and yu are the position vectors of the

satellite and UE, respectively.

Fig. 3.6 presents the effective mean data rate for optimal and ZF-based precoding de-

signs over time. The figure reveals a noticeable pumping effect in the data rate when the

communication time between UEs and LEO satellite reaches its midpoint. This effect occurs

because the latched UEs are positioned at an elevation of around 90◦ with respect to the

LEO satellite during that period.
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Figure 3.6: Effective mean data rate of the UEs as a function of time (elevation angle).

3.6.4 Environment Setup for the CNN-CSI Model

The training and testing dataset required for the CNN-CSI model is generated by assuming

that U = 45 UEs are randomly located within the footprint of LEO satellite as shown in

Fig. 3.5(b). The channels are time-varying and we apply the Jakes model [95] to generate

the channel matrix. For data generation, we assume that the channel coefficient changes

every second. Considering the earth fixed beam scenario, LEO satellite can provide service

to all the requesting UEs within its footprint for around 11 minutes as shown in Fig. 3.6.

Thus, the dataset of size D = 60 × 11 was generated to train, validate, and test the CNN-

CSI model. The temporal correlation model used is Gt =
?
ρGt−1 +

?
1− ρEt, where ρ ∈

[0, 1] represents the correlation coefficient, and Et is a time-independent random matrix. A

correlation coefficient of 1 indicates complete channel correlation, while a coefficient of 0

indicates channel independence across different time slots.

As to the CNN-CSI model, we employ lc = 3 layers where the number of filters and the

filter size of corresponding layers are {16, 8, 4} and {3 × 3, 3 × 3, 3 × 3}, respectively. Other

parameters are summarized in Table 3.2. Fig. 3.7 illustrates the accuracy of the CNN-CSI

model in terms of MSE for different training epochs. The training and test datasets were

generated with different correlation coefficient values, denoted ρ. As shown in Table 3.2, the
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total number of training, validation, and test dataset are 528, 130, and 1, respectively.

Since we are interested in predicting the channel coefficients of LEO satellite 2 during the

HO time slot, only one test dataset is required. This means that, after the CNN-CSI model is

well-trained, the data from the 659th time slot is used as input to predict the next time slot’s

channel coefficient for LEO satellite 2. Specifically, we considered ρ values of 1, 0.9, and 0,

for which the corresponding MSE values for training the model were 0.000385, 0.00185, and

0.0105, respectively. As from these results, it can be concluded that the prediction accuracy

of the model CNN-CSI is higher when the temporal correlation of the channel coefficient is

high and vice-versa. Additionally, the test error is slightly lower than the training error for

a smaller number of training epochs, primarily due to the significantly smaller size of the

test dataset and the model being inadequately trained during these early epochs. However,

as the number of training epochs increases, both the training and test errors converge, and

the MSE decreases, demonstrating that our CNN-CSI model is well-trained for datasets with

different ρ values.

3.6.5 Performance Evaluations

Table 3.2: CNN-CSI Training Parameters

Parameters Value

2D data size 45 × 2
Total training dataset 528
Total validation dataset 130
Test dataset 1
Maximum training epochs, Emax 20
Dropout 0.4
Optimizer Adam
Activation functions ReLU & Tanh
Loss function MSE
Learning rate, α 0.0001

In this part, we conduct the numerical results considering a scenario where LEO satellite

has a total of 8 spot beams serving 45 UEs. The UEs are randomly distributed in the coverage

area as shown in Fig. 3.5. It is assumed that each spot beam is capable of transmitting N = 4

parallel data streams. The coverage area and the number of UEs within each spot beam is

calculated using Algorithm 3.3. The spot beam with the lowest number of UEs is marked as

1, while the spot beam with the highest number of UEs is marked as 8. Fig. 3.5(a) displays
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Figure 3.7: MSE vs. training epochs for CNN-CSI model.
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Table 3.3: System and Channel Parameters

Parameters Value

Number of UEs, U 45
Parallel data streams, N 4
Number of spot beams, M 8
Carrier frequency, fc 2 GHz
Bandwidth, B 100 MHz
Rician factor, κu 10 dB
Spot beam gain, Gm U [18 dBi, 36 dBi]
AoD, φu U [-0.5, 0.5]
UE’s elevation angles, ϵu U [40◦, 90◦]
Transmit power, P∑ 25 dBW – 35 dBW

QoS, Rreq 0.25× ba,m
Backhaul rate, RBH 0.25 Gbps – 1 Gbps
Size of movies files, q U [0.3 Gb, 1.8 Gb]
Cache storage capacity, C 215 Gb
Noise spectral density, N0 -203.9772 dBW/Hz
Adaptive spot beam radius, rm U [25 km, 200 km]
Fixed spot beam radius 200 km
Earth’s radius 6371 km

a fixed-spot beam, while Fig. 3.5(b) demonstrates a steerable adaptive spot beam. We adopt

the LTE specifications [96], where one c.u. lasts one symbol duration, which is equal to 66.7

µs, and one block duration comprises 300 c.u. The LEO satellite is assumed to spend 1

c.u. to solve one convex optimization problem, resulting in M c.u. for solving each proposed

algorithm [97]. The system and channel parameters used in the simulations are summarized

in Table 3.3. The simulation results are averaged over the 100 random channel realizations.

We compare the proposed framework with the following references:

• Baseline 1: The precoding vectors are designed based on the ZF-based approach.

• Baseline 2: The optimal approach is used to calculate the precoding vectors for the

combined channel coefficients of the participating LEO satellites in the CC-HO method.

In this approach, both satellites estimate the CSI via pilot transmission. As a result,

the portion of time responsible for data transmission changes to (1− 2τcsi+τpro
τslot

).

• Baseline 3: The channel estimation is similar in Baseline 2, except that the precoding

vectors are design based on the ZF method.

The comparison with the terrestrial multicasting solution is not considered as satellite systems

is design to complement the terrestrial networks.
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Convergence of the Proposed Iterative Algorithm

To demonstrate the convergence of our proposed algorithms, Fig. 3.8 presents the objective

function of the iterative algorithms for baseline 2 with a focus on min rate maximization

(maximum content delivery delay minimization). The total transmit power of LEO satellite

1 and LEO satellite 2 is considered 25 dBW each. It is evident from the plot that the

iterative algorithms exhibit rapid convergence to the sub-optimal values, requiring fewer

than 5 iterations and 3 ISL communications for the DC-HO scenario.

Without HO Scenario

Fig. 3.9 portrays the mean/min data rate and outage probability between the proposed

optimal design and baseline 1 for various values of LEO satellite antenna element spacing,

i.e., dant. The optimal design consistently achieves higher mean/min data rates than baseline

1. At a lower dant of 0.1λ, the optimal design achieves about 3.35 times the mean/min data

rate of baseline 1. In contrast, at an dant of 0.75λ, the optimal design achieves a mean/min

data rate about 1.02 times that of baseline 1. Baseline 1 performs poorly at lower dant due

to more sidelobes and lower spot beam directivity, leading to significant outage scenarios

caused by channel correlation. In contrast, the optimal design experiences no outages. The

figure reveals that increasing the dant results in higher data rates for both designs. However,

increasing dant beyond 0.5λ raises the risk of grating lobes, making dant of 0.5λ desirable.

At this spacing, the mean data rate for the optimal design reaches around 267 Mbps, while

baseline 1 achieves approximately 257 Mbps.

Fig. 3.10 depicts the mean/min data rate and outage probability as a function of κu for

both the optimal and baseline 1 approaches considering the adaptive beam scenario. For this

result, dant is considered to be 0.5λ and P∑ to be 35 dBW. The κu is varied between 1.0233

(0.1 dB) and 100 (20 dB). From the figure, it can be seen that the data rate (mean/min)

increases as the value of κu increases and that the data rate obtained with the optimal

precoding design is higher than that of baseline 1 regardless of the κu value. When κu is 0.1

dB, the outage probability due to baseline 1 is about 17% and when κu is 100, the outage

probability due to the baseline 1 design is 12%, while there is no outage scenario due to the

optimal precoding design for the given Rreq. Since the rates and outage probability are not

significantly different between κu of 10 (10 dB) and 100 (20 dB), κu of 10 dB is considered,

which is a realistic assumption.
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Fig. 3.11 demonstrates the mean/min data rate and outage probability as a function

of P∑, with dant = 0.5λ, κu = 10dB. The figure demonstrates that the mean/min data

rate achieved by the adaptive beam scenario is at least 1.22 times higher than that of the

fixed beam scenario, regardless of the precoding approaches. In the fixed beam scenario,

all the spot beams have equal radius of 200 km, whereas the spot beam’s radius in the

adaptive beam scenario varies between 25 km and 200 km. The adaptive beam scenario,

benefiting from improved beam directivity, outperforms the fixed-beam scenarios in terms of

both data rate and outage probability. Moreover, optimal precoding achieves a significantly

higher mean/min data rate than baseline 1 because it effectively eliminates intra-spot beam

interference. There is no outage scenario in the optimal precoding-based design, while there

are high outage probability in the baseline approach. When P∑ is increased, the outage

probability decreases, and therefore the data rate improves comparatively more in the baseline

approach than in the optimal approach. However, the increase in data rate tends to saturate

when the power increase exceeds a certain limit because the inter-spot beam interference

increases due to the power leakage from the neighboring beams.

Fig. 3.12 illustrates the delay as a function of normalized cache capacity for the caching

models such as MPC (µk ∈ {0, 1}), UC (µk ∈ [0, 1]), and RC (µk ∈ {0, 1}). From the figure,

it can be seen that the delivery time is lower in the MPC approach compared to the UC and

RC methods for small normalized cache sizes, and RC almost approaches the UC method

due to the averaging of a large number of channel realizations. When the normalized cache

size increases, both UC and RC approach the performance of the MPC. It can also be seen

from the figure that RBH also significantly affects the delivery latency for the different cache

size values.

HO Scenario

Fig. 3.13 shows the relationship between the transmit power and the effective mean data rate

during the HO process. The figure reveals that regardless of the precoding scheme used, the

effective mean data rate during HO is consistently 1.5 times higher than the without HO pe-

riod. Comparing the proposed approaches with the baselines, the ZF precoding design-based

CC-HO approach outperforms baseline 3, and the optimal precoding design-based CC-HO

approach outperforms baseline 2. This is because the proposed CC-HO approach estimates

the CSI using a prediction model, while baseline 2 and baseline 3 estimate the CSI via pilot
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Figure 3.13: Effective mean data rate versus the total transmit power of the LEO satellites
for the HO scenario.

transmission. Despite utilizing ZF-based precoding design in the CC-HO scenario, it outper-

forms other approaches due to the combined consideration of downlink channel coefficients

and evaluation of the precoding vectors based on the combined channel coefficients, which en-

hances spatial diversity. The ZF-based CC-HO outperforms ZF-based DC-HO, even though

both employ ZF-based precoding. This is because the former allows for full control in the

design of the precoding vector and bandwidth allocation. In contrast, the latter requires

synchronization of resources between the LEO satellites involved in the HO, which might not

always be guaranteed.

3.6.6 Impact of Imperfect CSI

In previous sections, the proposed framework assumes perfect CSI at the satellite. In real-

istic conditions, the satellite operates based on the imperfect channel estimation ĥu,k,a,m =

hu,k,a,m + e, where hu,k,a,m is the true channel and e is the estimation error that is indepen-

dent from the true channel and follows CN (0, Iσ2
e). Since the precoding vectors are designed
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based on the estimated channels, the SINR in this case equals to:

|ĥH
u,k,a,mwk,a,m|2∑

k′ ̸=k|ĥH
u,k,a,mwk′,a,m|2+

∑
∀k′σ

2
e∥wk′,a,m∥2+Îaggba,m

, (3.34)

where the summation of k′ in the denominator is over Ka,m. Optimal bandwidth allocation

and precoding vectors design under imperfect CSI can be obtained similarly in Section 3.3.2,

with one modification of adding
∑

∀k′ σ
2
e∥wk′,a,m∥2 to the RHS of (3.16).

Fig. 3.14 presents the impact of imperfect CSI on the proposed optimal precoding design.

The robustness of our design is demonstrated via a close performance to the perfect CSI

case for estimation error up to 10−3. When the estimation error is large, the achievable rate

dramatically degrades as expected.

3.7 Summary

In this chapter, we have proposed a FLARE-LEO framework that effectively exploits the fully

flexible regenerative payload capability of LEO satellites via joint design of spot beam cover-

age, adaptive beamforming, caching, multiuser precoding, and dynamic bandwidth allocation

using realistic system parameters. In addition, we proposed innovative HO architectures that
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consider computational capability and overhead requirements. Using numerical results, we

demonstrated that our adaptive beamforming design outperforms the fixed beam design in

terms of both data rate and outage probability. We also showed that collaboration between

two LEO satellites during the HO period significantly boosts the system performance. In

general, the optimal precoding design outperforms the ZF-based precoding design, resulting

in both an improvement in data rate and a reduction in the content delivery latency. Fur-

thermore, we have shown that the MPC-based caching method performs better than caching

strategies based on RC and UC and significantly improves the average content delivery la-

tency for content delivery compared to a scenario without caching.



Chapter 4
LEO-based Edge Computing Service

Platform for Challenging Geographical

Terrain

The next-generation fully regenerative payload-enabled low Earth orbit (LEO) satellites en-

able Satellite-as-a-Service (SaaS) capabilities. In this work, we propose a three-tier SaaS

platform for on-demand computing services such as disaster forecast, 2D/3D scene obser-

vation, route finding, and rescue operations based on satellite images/videos, taking into

account different beam management techniques. Unlike existing works where LEO satellites

collaborate with ground users, in the considered system, users only request a service index,

while all computation is fully handled within the satellite network and/or its connected gate-

way (GW). The primary objective is to minimize the worst-case service completion time

by optimizing the computation and communication allocation among the satellites and the

GW. The formulated multi-objective optimization problem is characterized as non-linear,

non-convex, and non-deterministic polynomial-time (NP)-hard. To tackle this challenge, we

propose an iterative algorithm based on the alternating optimization (AO) framework. This

approach solves two sub-problems in sequence during each iteration: i) optimizing the link

selection and task offloading decisions via a successive convex approximation (SCA) method,

and ii) optimizing computational resources and downlink communication bandwidth via a

convex formulation. Furthermore, we propose a delivery strategy during handover (HO) pe-

riods for returning the task results under both Earth-fixed beam and Earth-moving beam

73
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configurations. Simulation results based on realistic system parameters and datasets show

that our proposed design reduces the task completion time by at least 16% compared to the

reference strategies. The impact of computational cycles, inter-satellite link rates, feeder link

rates, and HO decisions under different beam configurations is illustrated in terms of mean

task completion time.

4.1 Introduction

With the proliferation of virtual reality (VR) and data-hungry applications, such as real-time

video analytics [29] and 2D/3D scene observation [30], the video data traffic is predicted to

constitute at least 80% of global mobile data traffic [41] by 2028. As data-hungry applications

are more likely to consume high computational efforts and energy, various research efforts have

been undertaken to partially or fully offload tasks from resource-constrained user equipment

(UE) and the internet of things (IoT) devices to terrestrial mobile edge computing (MEC)

server [29,98,99]. Such offloading is especially critical for near real-time services [100].

Although MEC in terrestrial networks makes it possible to push the heavy computational

burden to edge computing systems, the limited coverage of terrestrial edge equipment make it

difficult to provide sustainable services to large number of UEs/IoT devices. Various studies

have suggested alternative offloading solutions, such as utilizing unmanned aerial vehicles

(UAVs) [101–103] and high altitude platform station (HAPS) systems [104–106]. However,

the limitations in coverage and concurrent massive connections for both UAVs and HAPS

make them unsuitable for scenarios where telecom operators aim to provide services to larger

areas with limited resources. Additionally, maneuvering HAPS is challenging due to their

shapes and the atmospheric drag they experience [107].

Fortunately, recent advances in fully digital payload LEO satellite networks, characterized

by their low propagation delays compared to other constellations [42], provide an alternative

for backhaul/fronthaul connectivity. These satellites also support near real-time broadband

services, offering a larger field of view (FoV) than UAVs and HAPs in all geographical ter-

rain [108]. Fueled by SpaceX [109] and OneWeb [110], ongoing LEO constellation projects

aim to launch thousands of satellites to establish a mega constellation, collaborating with

traditional operators to enhance high-capacity and seamless communication services. One of

the important research problems is how to optimize the limited computational capabilities of
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LEO satellites to provide efficient LEO-based computing services [111–120].

4.1.1 Related Works

In recent years, several studies have been focused on task offloading design in space-air-ground

integrated networks (SAGIN) [111–120]. In [111], an LEO-assisted edge cloud computing

scheme is presented, in which a computation task can be executed at either ground users,

LEO satellites, or a cloud-aided gateway (GW). This computational architecture assumes

binary task-offloading under limited communication and computation resources. The authors

in [112, 113] overcome the assumption of fixed communication and computation resources

through a joint optimization of binary task offloading and computational resource allocation,

focusing on rural areas without access to the terrestrial network. Similarly, in [114], the

system model is similar to [112, 113], except that it incorporates a caching scenario for task

offloading. The authors of [115, 116] minimize the total energy consumption of the task

offloading by jointly optimizing communication, computation, and binary offloading decisions,

constrained by the tolerable deadlines of tasks. It should be noted that these works overlook

HO, a key feature in LEO systems, and task output, often assuming the output size is

negligible. While this assumption holds for tasks like classification or problem-solving, it falls

short for 2D/3D scenery tasks, such as generating images of interest areas, where the output

size is significant.

To tackle the dynamics in SAGIN, reinforcement learning (RL)-based task offloading

approaches have been proposed [116–120]. Pioneering work on RL-based task offloading in

an SAGIN environment is presented in [117] to minimize total delay. However, the work

therein does not consider the dynamic topology of satellites, UAVs, and task arrivals. To

address the drawback of [117], the authors of [118] consider the topology dynamics and

propose an optimal offload route to minimize the total delay assuming static communication

bandwidth and task arrivals. Additional network dynamics such as channel rates, task arrival

times and time-varying topology are considered in [119,120].

It is worth noting that the aforementioned works [111–120] primarily adopt binary or

a few discrete levels for offloading decisions in satellite networks. This approach may be

attributed to the lightweight and non-fragmentable nature of tasks under consideration, as

well as the significant computational demands associated with RL-based offline training and

potential scalability challenges. In addition, the inter-satellite propagation delay and HO
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periods, which are critical in LEO satellite networks, remain unaddressed. To address this

research gap and the limitations of [111–120], there is a need for a scalable and efficient

algorithm with practical applicability and the potential to incorporate additional layers for

data protection and privacy [121].

Existing works [111–120] primarily focus on transmitting data from ground-based sensors

for computation in SAGIN, whereas the chapters in [121, 122] explore a futuristic approach

to joint communication and computation within SAGIN or orbital networks. This approach

enables high-resolution imagery services in remote areas without transmitting raw data. Ap-

plications include water monitoring, smart oilfields, precision agriculture, wildlife tracking,

disaster management, and search and rescue. It also supports data-intensive technologies like

VR, autonomous driving, remote sensing, and space situational awareness.

4.1.2 Contributions

In this chapter, we propose a three-tier SaaS platform for on-demand computing, focusing on

near-real-time imagery-based Earth observation (EO) services [31]. This platform leverages

real-time synthetic aperture radar (SAR) and optical imagery-based EO services to enable

2D/3D scene observation, improve disaster prediction and response, and support evacuation

planning and damage assessment [32,33].

In the proposed system, when a UE located in challenging geographical terrain wants

to access the imagery service, it sends a lightweight request to its serving LEO satellite.

This request contains only a service index or the coordinates of the target area. Upon

receiving the request, the serving LEO satellite can perform all required computations for

the requested service, or offload parts of the task to neighboring satellites and/or the GW.

Once all computations are completed, the serving LEO satellite delivers the final result, such

as a 2D/3D image of the requested area, to the UE. It is worth noting that our computation

task model is fundamentally different from those in [111–120].

Our objective is to jointly optimize computation and communication resources, consider-

ing key factors such as LEO service duration, task output size, tolerable deadline, HO impact,

and imperfect channel state information (CSI).

The specific contributions of this work are summarized as follows:

• We formulate a multi-objective optimization framework for SaaS edge computing, lever-

aging parallel and partial task offloading to optimize computation and communication
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resources. The problem, classified as NP-hard, considers realistic constraints such as

LEO satellites’ service duration, task requirements, and energy limitations.

• We propose an alternating optimization (AO) framework to solve the proposed NP-hard

problem, decomposing it into a non-convex (mixed-integer) task offloading sub-problem

and a convex resource allocation sub-problem. The former is solved via a successive

convex approximation (SCA) method, shown to converge to the optimal branch-and-

bound (BnB) solution.

• Unlike prior works [111–120] that assume negligible output sizes, we focus on imagery-

related processing, where output data size is significant. Firstly, we optimize communi-

cation strategies across feeder, ISL, and return links alongside computation resources.

Additionally, we address HO challenges in LEO satellites, considering beam manage-

ment techniques like Earth-fixed beam and Earth-moving beam, and analyze the impact

of imperfect CSI via a robust transmission design [123].

• Finally, we conceptually illustrate the practical implementation of the proposed SaaS

architecture using a container-based platform (e.g., Kubernetes), highlighting vertical

and horizontal autoscaling based on dynamic task loads [124–127]. Numerical results

show that our proposed method reduces the task completion time by at least 16%

compared to the reference offloading strategies. The study also analyzes how compu-

tational cycle requirements, ISL, and feeder-link rates influence offloading decisions,

resource utilization, and mean task completion time.

The remainder of this chapter is organized as follows. Section 4.2 describes the system

model and parameters. Section 4.3 presents the problem formulation. Section 4.4 introduces

the decomposition-based approach to address the proposed problem. Section 4.5 presents the

impact of beam management techniques on task offloading and delivery strategies. Section 4.6

demonstrates the effectiveness of the proposed scheme using numerical results. Section 4.7

presents an open discussion on key research questions, such as how the serving LEO satellite

can identify its adjacent neighboring LEO satellites and how the proposed framework can

be practically implemented using an open-source container orchestrator. Finally, Section 4.8

concludes the chapter.
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4.2 System Model
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Figure 4.1: LEO satellite-assisted on-demand EO service task offloading.

We consider a space-ground integrated4.1 hierarchical (three-tier) edge computing system

[108], comprising a serving LEO satellite (first-tier), adjacent LEO satellites including both

intra- and inter-orbit satellites (second-tier), and the cloud-aided GW (third-tier), which

are collectively referred to as SAGIN nodes (SAGINs). The FoV of the LEO networks is

considered to be non-overlapping; therefore, the ground users are connected to only one

serving LEO satellite at a time. This system is designed to dynamically transfer a portion

of tasks from the serving LEO satellite to both adjacent LEO satellites and the cloud-aided

GW based on traffic load, ensuring near real-time services in remote terrains, as depicted in

Fig. 4.1.

For ease of presentation, we index the three-tier SAGIN hierarchical edge computing

architecture using n ∈ N = {0, 1, . . . , N − 1}, where N = 3. Specifically, SAGIN 0 (n = 0)

represents the serving LEO satellite, SAGIN 1 (n = 1) denotes a logical group of neighboring

4.1Aerial platforms such as UAVs and HAPs are not considered in our system model due to their frequent
energy requirements and the limited availability of energy sources in remote terrains with harsh weather
conditions.
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Table 4.1: Summary of Main Notations

Notations Description

M Number of adjacent LEO satellites
T , ∆, δmon Total number of time slots in the service duration of

each LEO satellite, the time slot duration, and the
uplink service request duration (monitoring window)
within a time slot

Ii On-demand EO service task request from UE i to serv-
ing LEO satellite

Si,t, si,t,
ci,t, τi,t

Input size, output size, computational cycle, and max-
imum tolerance time of the task i, respectively

α
(1)
i,t , α

(2)
i,t Binary variables to indicate the selection of SAGINs

1 and 2, respectively, to handle the offloaded task i

β
(n)
i,t Partial offloading decision of the requested task i to

the SAGIN n

f
(n)
i,t Computational capability to handle task i within SA-

GIN n
bi,t Downlink bandwidth required to transmit task i result

from SAGIN 0 to the UE

κ(n) Energy factor of LEO satellites and cloud

LEO satellites treated collectively as one entity for simplicity4.2, and SAGIN 2 (n = 2)

corresponds to the GW. As illustrated in Fig. 4.1, the computation at each SAGIN node

is containerized into pods to enable parallel and partial task execution, thereby reducing

processing latency. Each pod executes a portion of the tasks associated with a specific

application.

Given the focus on challenging geographical terrains, the applications involve real-time

image/video processing tasks, such as disaster detection, emergency response coordination,

and scene observation [32,33]. The system supports imagery-based applications where users

request inference tasks from raw data (images or videos) captured by SAGIN 0. Due to

limited computational capacity, SAGIN 0 may offload some tasks to SAGIN 1 or SAGIN 2.

Having established the hierarchical architecture of the SAGIN system, we next describe

its high-level operation and the workflow for service request submission and computation,

with detailed analysis of communication, computation, and return link latency presented in

subsequent subsections.

4.2The selection of a specific neighboring LEO satellite is not considered in this work, and neighboring
satellites are assumed to be always available when needed. A detailed discussion on satellite selection is
provided in Section 4.7.
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4.2.1 System Operation Overview

Uplink
Service 
Request 

Time

Task Offloading + Task Processing 
+ Downlink Result Delivery 

Figure 4.2: Block diagram of a single communication (uplink request and downlink transmis-
sion) block occurring within the service duration Tserve of the serving LEO satellite.

In the proposed framework, UEs in the remote terrains first initiate the computation

requests for EO-based services, which are received by the SAGIN 0 (the serving LEO satel-

lite). To ensure low-latency and adaptive service delivery, the total service duration Tserve

of SAGIN 0 is divided into T equal configuration time slots of duration ∆, as illustrated

in Fig. 4.2. The set of these time slots is denoted by T = {1, . . . , t, . . . , T}. SAGIN 0 is

assumed to operate in time-division duplexing (TDD) mode, which offers greater flexibility

than frequency-division duplexing (FDD) by allowing the dynamic adjustment of uplink and

downlink periods based on instantaneous traffic demands [128]. The main notations used in

this chapter are summarized in Table 4.1.

At the beginning of each time slot t, the system monitors incoming requests during a

short, fixed monitoring interval of duration δmon. Only requests arriving within this moni-

toring window are considered for processing in the current slot, while those arriving during

the remaining interval, i.e., ∆ − δmon, must wait until the next time slot. Based on the

demand observed during δmon, computational resources across the hierarchical SAGINs are

dynamically reallocated.

Following resource reallocation, the requested tasks are executed using a parallel and

partial offloading strategy, wherein different portions of a task may be distributed across

multiple SAGINs. The computed results are then aggregated and transmitted back to the

requesting UEs within the same slot, ensuring timely and efficient service delivery.
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Figure 4.3: Service requests and computation process.

4.2.2 Service Requests and Computation

The LEO SaaS platform is capable of providing a fixed list of pre-defined EO services, such

as object detection, high-resolution imagery for scene observation (25 to 50 cm), weather

forecasting, disaster prediction, route finding during disasters, damage assessment, recon-

struction monitoring, and more [32,33]. These services can be accessed through web apps on

the requesting UEs’ devices within the current LEO service duration, denoted as Tserve. Each

service is listed in the web app with a unique index number. To request a service, the UE

must provide the corresponding EO service index number, the priority order of the task, and

the preferred latitude and longitude location within the FoV of the serving LEO satellite.

Let Ut = {1, 2, . . . , u, . . . , Ut} denote the set of Ut UEs requesting computational services

at the time slot t, which includes both new arrival users and unserved UEs from the previous

period. For simplicity, the subscript i is used to represent the user index within Ut. As

illustrated in Fig. 4.3, when UE i submits a request Ii at time t, SAGIN 0 (the serving LEO)

processes the request using the core parameter tuple, i.e., Ai,t = {Si,t, si,t, ci,t, τi,t}, where Si,t

is the input EO data size limit (in bits) to be collected by SAGIN 0 (by using optical lens or

SAR), si,t is the expected output size (in bits), ci,t is the computational cycle requirement

(in cycles/sec), and τi,t is the maximum tolerance time (in sec) to return the output to UE.

The metadata of the request Ii includes contextual information such as coordinates and

expected resolution. This information is provided to SAGIN 0 in JavaScript object notation

(JSON) format by the UEs for on-demand service, whose size is negligible. When SAGIN

0 is unable to duly compute all requested tasks, it offloads (indicated by offloading decision
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variable β(n)) part of the tasks to SAGIN 1 (the neighboring LEO satellites) or SAGIN 2 (the

GW), depending on the link quality and computational capabilities of those SAGINs. The

detailed process of end-to-end latency involved in performing an on-demand service request

on a SaaS platform and delivering the final output to the requesting UEs is discussed in

Sections 4.2.3–4.2.5.

4.2.3 Communication Model

This subsection presents the transmissions between SAGIN 0 (the serving LEO satellite) and

the UEs, SAGIN 0 and SAGIN 1 (the neighboring LEO satellites), and between SAGIN 0

and SAGIN 2 (the GW).

Communications between SAGIN 0 and UEs

We consider a TDD system where UE communicates with the SAGIN 0 through strictly

separated uplink (UE to SAGIN 0) and downlink (SAGIN 0 to UE) transmissions. Each

communication block consists of an uplink request phase with duration δmon and a comple-

mentary downlink result transmission phase occupying the remaining slot duration ∆−δmon,

as shown in Fig. 4.2. The system operates using the full available bandwidth B
(0)
UE,

∑ in

both directions. We assume frequency-division multiple access (FDMA) for both uplink and

downlink, where the total bandwidth is equally divided among the active UEs in each time

slot.

Although the size of the service request Ii (i.e., s
req
i bits) is typically negligible (as dis-

cussed in Section 4.2.2), its uplink latency, given by luli,t = s
req
i /ruli,t, must satisfy luli,t ≤ δmon

for a successful request. This latency is often small compared to other delay components.

Nonetheless, for completeness, we explicitly model both transmission directions.

The uplink rate for UE i at time t is given by:

ruli,t = buli,t log2

´

1 +
puli,tg

ul
i,t

buli,tN
ul
0

¯

, ∀i, t, (4.1)

where buli,t ≜
B

(0)
UE,

∑
Ut

is the uplink bandwidth allocated to UE i, puli,t is the uplink transmit

power, guli,t is the uplink channel gain, and Nul
0 is the uplink noise power spectral density.

Given the negligible size of Ii, l
ul
i,t does not influence the task allocation optimization, as

computation is performed entirely within the space segment. Therefore, we shift our focus
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to the transmission of task results from SAGIN 0 to the UEs. Assuming that there is perfect

CSI available (imperfect CSI will be discussed in Section 4.6.6), the achievable transmit rate

from the serving LEO satellite to the UE i at the time slot t can be written as:

r
(0)
i,t = bi,t log2

´

1 +
p
(0)
i,t g

(0)
i,t

bi,tN0

¯

, ∀i, t, (4.2)

where the superscript (0) in the symbols refers to SAGIN 0 (the serving LEO), bi,t is the

downlink bandwidth allocated to UE i at the time slot t, g
(0)
i,t is the downlink channel gain,

p
(0)
i,t ≜

P
(0)
UE,

∑
Ut

is the transmit power of the serving LEO for the single-antenna UE i, wherein

P
(0)
UE,

∑ stands for the total transmit power. Furthermore, N0 represents the downlink noise

power spectral density. The downlink channel coefficient between the serving LEO satellite

and UE i after Doppler compensation can be modeled using a Rician fading channel as in [75].

Communication between SAGIN 0 and SAGIN 1

The ISL communication between SAGIN 0 and its neighbor SAGIN 1 is usually a free-space

optical link generated from vertical-cavity surface-emitting laser diodes, with the assump-

tion that spaceborne laser terminals in the LEO satellites possess acquisition, pointing, and

tracking capabilities [129, 130]. Thus, the ISL capacity RISL is usually large. In princi-

ple, the ISL rate r
(1)
i,t bits-per-second (bps) allocated to UE i at time slot t can be jointly

optimized with other design variables, e.g., offloading decision and computation resource.

However, such joint consideration further complicates the overall system design. There-

fore, to focus on cooperative computations among SAGIN nodes and communications in the

return-link, we allocate the ISL capacity based on the task input and output sizes, given as:

r
(1)
i,t = (si,t + Si,t)RISL/p

∑Ut
i′=1(si′,t + Si′,t)q. Obviously,

∑
i∈Ut

r
(1)
i,t = RISL.

Communication between SAGIN 0 and SAGIN 2

The feeder link rate between SAGIN 0 and SAGIN 2 for handling the request of UE i at the

time slot t can be represented as r
(2)
i,t bps for both uplink and downlink. Similarly to the ISL

case, we allocate the feeder link rate to UE i as: r
(2)
i,t = (si,t + Si,t)RGW/p

∑Ut
i′=1(si′,t + Si′,t)q,

where RGW is the total feeder link capacity.
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4.2.4 Computation Model

Denote β
(n)
i,t ∈ [0, 1], n = 0, 1, 2 as the fraction task for user i at time slot t performed at SAGIN

n. Similarly, f
(n)
i,t denotes the computation capacity devoted for user i at time slot t at SAGIN

n. In this chapter, we only consider processing time, transmission time, and propagation delay

in total latency, while excluding potential queuing delays that may arise from system overload

due to a high volume of on-demand service requests. Existing queuing policies in the SAGIN

environment [119, 120, 131] can be modified to align with digital video broadcasting-native

internet protocol (DVB-NIP) standard [26], allowing seamless integration into our system

with minimal modification, thereby reducing queuing latency by prioritizing task backlogs.

Additionally, incorporating blockchain technology into the SaaS platform can enhance EO

data protection by recording data with immutable cryptographic signatures through hash

functions and consensus mechanisms [132], without altering our proposed algorithm, while

Kubernetes facilitates the easier deployment of this security enhancement.

Computation at SAGIN 0 (the serving LEO satellite)

The computation latency for performing a portion of the task in SAGIN 0 at time slot t can

be written as:

l
(0)
i,t = β

(0)
i,t ci,t/f

(0)
i,t , ∀i, t. (4.3)

The corresponding energy consumption in the serving LEO satellite can be written as [111,

114–116,118,119]:

e
(0)
i,t =β

(0)
i,t κ

(0)(f
(0)
i,t )

2ci,t
looooooooomooooooooon

I : Processing

+
β
(1)
i,t p

(1)
i,t Si,t

r
(1)
i,t

looooomooooon

II : comms. to SAGIN 1

+ (4.4)

β
(2)
i,t p

(2)
i,t Si,t

r
(2)
i,t

looooomooooon

III : comms. to SAGIN 2

+
(β

(0)
i,t + β

(1)
i,t + β

(2)
i,t )p

(0)
i,t si,t

r
(0)
i,t

loooooooooooooooomoooooooooooooooon

IV : Result Delivery to UE

,

where κ(0) is the energy factor of SAGIN 0, r
(n)
i,t is defined in Section 4.2.3, and p

(0)
i,t , p

(1)
i,t , p

(2)
i,t

are the power used for communications between SAGIN 0 and the UE, SAGIN 1, and SAGIN

2, respectively. The overall energy consumption in (4.4) involves Part I for task execution

in SAGIN 0, Parts II and III for transmitting fractions of the raw dataset to SAGIN 1 and
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SAGIN 2, and Part IV for returning the task results back to the requesting UE.

Computation at SAGIN 1 (the neighboring LEO satellites)

The total computation time to perform a portion of the task in SAGIN 1 at time slot t can

be written as:

l
(1)
i,t = β

(1)
i,t

ci,t

f
(1)
i,t

looomooon

I: Processing

+ α
(1)
i,t

2d
(1)
0,t

c0
loooomoooon

II: Propagation

+
β
(1)
i,t (Si,t + si,t)

r
(1)
i,t

loooooooomoooooooon

III: Transmission

, ∀i, t, (4.5)

where d
(1)
0,t represents the ISL distance, α

(1)
i,t ∈ {0, 1} is a binary variable indicating whether

task i has been offloaded to the SAGIN 1 (α
(1)
i,t = 1) or not (α

(1)
i,t = 0), and c0 is the speed of

light. The overall latency in (4.5) comprises the computation time (Part I), the round-trip

propagation delay (Part II), and the cumulative transmission delays of the task’s inputs and

outputs (Part III) between SAGIN 0 and SAGIN 1.

The energy consumption at SAGIN 1 for performing parts of task i at the time slot t can

be written as:

e
(1)
i,t =β

(1)
i,tκ

(1)(f
(1)
i,t )

2ci,t+
β
(1)
i,t p

(1)
0,i,tsi,t

r
(1)
i,t

, ∀i, t, (4.6)

where κ(1) represents the energy factor of SAGIN 1, and p
(1)
0,i,t is the transmission power used

by SAGIN 1. In (4.6), the first part represents the energy consumed during the processing of

a portion of the task, while the second part indicates the communication energy at SAGIN 1

for sending (parts of) results of task i back to SAGIN 0.

Computation at SAGIN 2 (the Gateway)

Let α
(2)
i,t ∈ {0, 1} denote the offloading variable to SAGIN 2, which indicates whether parts of

the task i have been offloaded to SAGIN 2 (α
(2)
i,t = 1) or not (α

(2)
i,t = 0). The total computation

time in performing a portion β
(2)
i,t ∈ [0, 1] of task i at SAGIN 2 can be computed as:

l
(2)
i,t = β

(2)
i,t

ci,t

f
(2)
i,t

+ α
(2)
i,t

2d
(2)
0,t

c0
+

β
(2)
i,t (Si,t + si,t)

r
(2)
i,t

, ∀i, t, (4.7)

where d
(2)
0,t represents the slant distance between SAGIN 0 and SAGIN 2 at time slot t. In

(4.7), the first part represents the computational delay, the second part is the round-trip
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propagation delay during the offloading of parts of task i to SAGIN 2, and the last part

represents the cumulative transmission delays.

The energy consumption at the cloud-aided GW is omitted, as it is usually supplied by a

constant power source.

4.2.5 Return Link Latency

Unlike existing task offloading works [111–120] that assume a negligible task output size, the

outputs of EO-based services are usually 2D/3D scenery images, and thus have a considerable

size. Once the requested service has been computed, the SAGIN 0 (the serving LEO satellite)

must return the result to the corresponding UE via the return link. It is noted that SAGIN 0

serves its connected UEs via FDMA, as presented in Section 4.2.3. The latency for returning

the task result to the requesting UE i at time slot t can be written as:

lrtni,t =
(
∑

n∈N β
(n)
i,t )si,t

r
(0)
i,t

+
d
(0)
i,t

c0
,∀i, t, (4.8)

where r
(0)
i,t is given in (4.2), and d

(0)
i,t is the slant distance between SAGIN 0 and UE i at time

slot t. The overall latency in (4.8) consists of transmission delay (first part) and propagation

delay (second part).

4.3 Problem Formulation

We aim to optimize the computational resources of the SAGIN nodes and the return link

bandwidth to serve the maximum number of on-demand EO tasks in the shortest possible

time, constrained by LEO serving duration, task deadlines, and limited system resources.

Let α,β,f , and b, respectively, denote the short-hand notations of {α(n)
i,t }∀n∈{1,2},i,t,

{β(n)
i,t }∀n,i,t, {f

(n)
i,t }∀n,i,t, and {bi,t}∀i,t. Then the overall worst-case latency for delivering the

requested tasks to the users can be expressed as:

L(α,β,f , b) = max
i

{
lproci,t + lrtni,t

}
, (4.9)

where lrtni,t is given in (4.8) and lproci,t = max{l(0)i,t , . . . , l
(n)
i,t , . . . , l

(N−1)
i,t } represents the worst-case

parallel task processing time.



LEO-based Edge Computing Service Platform for Challenging Geographical Terrain 87

Mathematically, the multi-objective optimization problem can be formulated as follows:

P : max
{α,β,f ,b}

w1

∑
i∈Ut

∑
n∈N

β
(n)
i,t − (1− w1)L(α,β,f , b) (4.10a)

s.t. lproci,t + lrtni,t ≤ min{∆, τi,t}, ∀i, t, (4.10b)

r
(0)
i,t ≥ η(0)req, ∀i, t;

∑
i∈Ut

bi,t ≤ B
(0)
UE,

∑,∀t, (4.10c)∑
n∈N

β
(n)
i,t ≤ 1; 0 ≤ β

(n)
i,t ≤ 1, ∀i, t, n (4.10d)

β
(n)
i,t ≤ α

(n)
i,t , ∀n ∈ N\{0}, i, t, (4.10e)∑

i∈Ut

f
(n)
i,t ≤ F

(n)∑ , ∀n, t, (4.10f)

f
(n)
i,t ≤ β

(n)
i,t F

(n)∑ , ∀n, i, t, (4.10g)∑
i∈Ut

e
(n)
i,t ≤ E

(n)∑ , ∀n ∈ N\{2}, t, (4.10h)

α
(n)
i,t ∈ {0, 1}, ∀n ∈ N\{0}, i, t, (4.10i)

where w1 is the weight factor to control the multi-objective optimization problem; η
(0)
req is

the minimum quality-of-service (QoS) requirement from the UEs; B
(0)
UE,

∑ is the total return-

link bandwidth allocated for the UEs from the serving satellite; F
(n)∑ is the total available

computational capabilities of SAGIN n; and E
(n)∑ represents each SAGIN n = 0, 1.

In problem P, constraint (4.10b) ensures the requested task to be completed either within

the configuration duration or the task’s tolerant latency. Constraint (4.10c) guarantees min-

imum QoS requirement and restricts the sum of sub-channel downlink bandwidth for UE.

Constraint (4.10d) is to avoid duplicate execution of the tasks. Constraint (4.10e) ensures the

task portion is only offloaded to selected SAGINs. Constraints (4.10f) and (4.10g) regulate

the computational capabilities of all SAGIN pods to perform each requested task. Constraint

(4.10h) limits the energy consumption in SAGINs 0 and 1 during task execution. Constraint

(4.10i) controls the binary nature of SAGIN selection variables for offloading.

Difficulty to solve problem P: Problem P is challenging to solve due to the non-concavity

of its objective function and the non-convex constraints (4.10b), (4.10h), and (4.10i). More-

over, it is a non-convex mixed-integer non-linear programming (MINLP) problem and is

NP-hard, primarily due to the binary nature of the offloading SAGIN selection variables

{α(n)
i,t }.

Solution Development: To achieve an efficient solution for problem P in (4.10), we de-
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Original Problem     : Maximization of total requested task (service) completion and minimization of worst-case task completion time
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Figure 4.4: Roadmap to solve the original problem P using the iterative AO framework.

compose the original optimization problem into two sub-problems:

i. The first sub-problem, denoted as P1, focuses on selecting SAGINs where parts of tasks

can be executed and optimizing the task offloading portions. Specifically, we optimize

α and β to maximize the completion of the total tasks within the soonest manner.

ii. The second sub-problem, denoted as P2, optimizes the computation allocation of the

pods, i.e., f , and the downlink delivery bandwidth, i.e., b. The aim of this sub-problem

is to serve the requested tasks in the shortest possible duration while adhering to the

tolerable limits specified by the serving LEO satellite and the UEs.

A detailed procedure for solving these sub-problems using the AO framework is presented

in Section 4.4, and an overview diagram illustrating the same is provided in Fig. 4.4.

4.4 Problem Decomposition

In this section, a step-by-step algorithm is designed to solve the two sub-problems providing

a sub-optimal solution to the original problem (4.10). The optimization is performed at the

beginning of each configuration time slot. Therefore, without lost of generality, we drop

the time slot subscript t in the following sections for ease of presentation. Furthermore,

the convergence and complexity analysis will also be provided. It is worth noting that the

unserved tasks from the previous time slot will be added to the set of tasks to be executed

in the current time slot.
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4.4.1 Sub-Problem P1: Optimizing α and β

Since problem P1 only optimizes the node selection and task offloading decisions, the latency

in (4.10) is simplified as L(α,β). Mathematically, the problem P1 is formulated as follows:

P1 : max
{α,β}

w1

∑
i∈U

∑
n∈N

β
(n)
i − (1− w1)× L(α,β) (4.11a)

s.t. (4.10b), (4.10d), (4.10e), (4.10g)− (4.10i),

which is a MINLP problem. We are interested in converting this problem to the mixed-

integer linear programming (MILP) problem. The non-linearity in the constraint (4.10b) can

be converted into the linear form by consideration of the slack variable {xi} and reformulate

constraint (4.10b) as:

l
(n)
i ≤ xi, ∀n, i; xi + lrtni ≤ min{∆, τi}, ∀i. (4.12)

With the inclusion of the slack variable {xi}, the non-linear component of the second-

part of the objective function (4.11a), i.e., L(α,β) ≜ maxi
{
lproci + lrtni

}
, can be expressed as

maxi
{
xi + lrtni

}
. However, this expression remains non-linear due to the max operation. To

tackle this, a slack variable y is introduced, which is taken as the upper bound. Consequently,

problem P1 can be equivalently reformulated as:

P ′
1 : max

{α,β,x,y}
w1

∑
i∈U

∑
n∈N

β
(n)
i − (1− w1)y (4.13a)

s.t. max
i

{
xi + lrtni

}
≤ y, ∀i, (4.13b)

(4.12), (4.10d), (4.10e), (4.10g)− (4.10i),

where x denote the short-hand notation of {xi}∀i.

Since the objective function, as well as all the constraints, are linear (the energy con-

sumption is a linear function with respect to β), and involve binary variables in (4.13), it

can be solved using the standard BnB method, e.g., with MOSEK in the CVX solver [40], at

an expense of high computational complexity. Although the BnB method provides optimal

solutions to subproblem P ′
1, its exponential complexity prevents it from practical usage.

To address this computational challenge, we choose to relax the binary variables, con-

verting them into continuous ones. This can be achieved by adding a penalty function
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Ψ(n) =
´∑

i∈U (α
(n)
i )2

¯

−
´∑

i∈U α
(n)
i

¯

, n = 1, 2 to the objective function (4.13a) to facil-

itate convergence.

However, it is crucial to highlight that Ψ(n) takes on a quadratic form, thereby transform-

ing the problem into quadratic programming, which cannot be directly tackled using a linear

programming (LP) solver. In response, we linearize this quadratic penalty function by ap-

plying a first-order approximation. In particular, the penalty function can be approximated

at any feasible point ᾱ
(n)
i as follows:

Ψ̄(n) ≜
∑
i∈U

2α
(n)
i

∑
i∈U

ᾱ
(n)
i −

∑
i∈U

(ᾱ
(n)
i )2 −

∑
i∈U

α
(n)
i ,∀ n. (4.14)

By using (4.14), problem P ′
1 can be approximated with a penalty parameter w2 as:

P ′
1 : max

{α,β,x,y}
w1

∑
i∈U

∑
n∈N

β
(n)
i − (1− w1)y + w2

∑
n∈{1,2}

Ψ̄(n)
(4.15a)

s.t. (4.10d), (4.10e), (4.10g), (4.10h), (4.12), (4.13b),

0 ≤ α
(n)
i ≤ 1 ∀n, i. (4.15b)

It is observed that the problem (4.15), which is the relaxed version of (4.11), is an LP

problem and can be efficiently solved using standard optimization techniques, such as the

interior-point method [79]. Although problem (4.15) satisfies all the constraints of the original

problem (4.11), it generally yields a sub-optimal solution due to its strong dependence on

the initialization of the parameter ᾱ. Therefore, we propose Algorithm 4.7 to solve (4.11).

In Algorithm 4.7, obj(αi1 ,βi1) denotes the objective function of (4.15) at iteration i1, while

obj(αi1−1,βi1−1) represents the objective function of (4.15) at iteration i1 − 1.

4.4.2 Sub-Problem P2: Optimizing f and b

The sub-problem P2 optimizes the computation resources f and bandwidth b given fixed

values α,β. Therefore, the objective function of P2 becomes minimizing the worst-case

latency, which is stated as follows:

P2 : min
{f ,b}

max
i

{
lproci + lrtni

}
(4.16a)

s.t. (4.10b), (4.10c), (4.10f)− (4.10h).
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It is observed that problem P2 is a non-linear convex problem, which can be solved

efficiently using the interior point method. The interior point method yields values for f∗

and b∗. These values are then utilized as input for initializing the parameters f̄ and b̄ to

solve the optimization problem (4.11) using Algorithm 4.7. This iterative process continues

until convergence is achieved, providing sub-optimal solutions to the primary optimization

problem (4.10). Consequently, we introduce Algorithm 4.8 as a solution approach for (4.10).

In Algorithm 4.8, obj(fi2 , bi2) denotes the objective function of (4.16) at iteration i2, while

obj(fi2−1, bi2−1) represents the objective function of (4.16) at iteration i2 − 1.

Algorithm 4.7 Iterative SCA Algorithm to Solve (4.11)

Input: U , w1, f , b, τi, ∆, B
(0)
UE,

∑, F
(n)∑ , E

(n)∑ , Si, si, ci, c0, d
(0)
i , d

(1)
0 , d

(2)
0 , p

(n)
i , p

(1)
0,i , p

(2)
0,i ,

κ(n), r
(1)
i , r

(2)
i , N0

Output: α
(1)∗
i , α

(2)∗
i , β

(0)∗
i , β

(1)∗
i , β

(2)∗
i , x∗i , y∗

Initialization: ᾱ
(1)
i , ᾱ

(2)
i , i1 = 1, Imax = 5, ϵ = 10−2, e1 = 100

1: while e1 > ϵ and i1 < Imax do
2: // Solve (4.15) to get α∗, β∗

3: Compute obj(αi1 ,βi1)
4: Compute e1 = |obj(αi1 ,βi1)−obj(αi1−1,βi1−1)|
5: Update obj(αi1−1,βi1−1)←obj(αi1 ,βi1); ᾱ← α∗; i1 ← i1 + 1
6: end while

4.4.3 Initialization of the overall AO-based Algorithm 4.8

The proposed Algorithm 4.8, which provides a sub-optimal solution to the original problem

P, operates iteratively following the AO framework illustrated in Fig. 4.4. Initialization is an

important step in any iterative algorithm, influencing the feasibility of optimization. Consid-

ering this, we provide the initial values of ᾱ = 11×U , f̄ =
F

(n)∑ ×11×U

U , and b̄ =
B

(0)
UE,

∑×11×U

U .

4.4.4 Convergence and Complexity Analysis of the overall AO-based Al-

gorithm 4.8

Convergence Analysis of Algorithm 4.8

Here, the convergence of the proposed AO algorithm can be explained through four key

properties. Let Πi1,i2 = (α∗
i1,i2

,β∗
i1,i2

,f∗
i1,i2

, b∗i1,i2) represents the optimal solution to the

approximated problem, i.e., the combination of (4.15) and (4.16), at the current SCA iteration
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Algorithm 4.8 Iterative AO Algorithm to Solve (4.10)

Input: U , w1, τi, ∆, B
(0)
UE,

∑, F
(n)∑ , E

(n)∑ , Si, si, ci, c0, d
(0)
i , d

(1)
0 , d

(2)
0 , p

(n)
i , p

(1)
0,i , p

(2)
0,i , κ

(n),

r
(1)
i , r

(2)
i , N0

Output: α
(1)∗
i , α

(2)∗
i , β

(0)∗
i , β

(1)∗
i , β

(2)∗
i , f

(0)∗
i , f

(1)∗
i , f

(2)∗
i , b∗i , x

∗
i , y∗

Initialization: ᾱ
(1)
i , ᾱ

(2)
i , f̄

(0)
i , f̄

(1)
i , f̄

(2)
i , b̄i, i1 = 1, i2 = 1, Imax = 5, ϵ = 10−2, e1 = 100,

e2 = 100
1: while e2 > ϵ and i2 < Imax do
2: // Solve Algorithm 4.7 to get α∗, β∗

3: // Solve (4.16) to get f∗, b∗

4: Compute obj(fi2 , bi2)
5: Compute e2 = |obj(fi2 , bi2)−obj(fi2−1, bi2−1)|
6: Update obj(fi2−1, bi2−1)←obj(fi2 , bi2); f̄ ← f∗; b̄← b∗; i2 ← i2 + 1
7: end while

i1 and AO iteration i2, and let F(Πi1,i2) denote the corresponding objective value of the

approximated problem P.

The first property is that in each SCA step, P1 is approximated by a convex optimization

problem P ′′
1 that can be solved efficiently. The second property is that this approximation

produces a non-decreasing sequence of objective values such that F(Πi1+1,i2) ≥ F(Πi1,i2),

which ensures that the inner loop converges to a stationary point of P1 [133]. The third

property is that the convex sub-problem P2 is solved optimally at every AO iteration, which

guarantees further improvement in the objective. The fourth property is that the sequence

F(Πi2) ≜ F(Πi1,i2) over AO iterations is bounded and monotonic, which ensures convergence

to a stationary point of the original problem P [134].

The inner SCA loop terminates when |F(Πi1,i2) − F(Πi1−1,i2)| ≤ ϵ, and the outer AO

loop terminates when |F(Πi2) − F(Πi2−1)| ≤ ϵ, where ϵ determines the sensitivity of the

convergence criterion. The convergence behavior of P1 and P2 is further validated numerically

in Fig. 4.8 of Section 4.6.4.

Complexity Analysis of Algorithm 4.8

Assuming that the interior point method is used to solve convex problems (4.15) and (4.16),

in the worst case, the complexity is equal to the cube of the number of real variables [79].

Since there are 2U real variables in (4.15) and (4.16), the complexity for solving Algorithm 4.8

is OpImax

´

Imax p2Uq
3 + p2Uq

3
¯

q.
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4.5 Task Offloading and Delivery Strategies during HO Peri-

ods

This section focuses on the HO events considering different beam management strategies.

The beam management techniques play an important role in designing the LEO satellite’s

radio resource management algorithm, which can be determined based on the satellite’s on-

board antenna system and on-board processor [9, 135]. We consider two beam management

techniques that have been prevalent in the literature:

i. Earth-moving beam: The satellite beammoves across the Earth’s surface (see Fig. 4.5(a)),

maintaining a constant geometry relatively to the satellite at a constant velocity [135].

The benefit of Earth-moving beam includes the simplest steering operation at the LEO’s

antennas. When the serving LEO satellite reaches the edge of the current footprint,

it is handed off to the approaching adjacent LEO satellite whose footprint is entering

that area [9]. In this context, HOs are asynchronous and frequent, leading to increased

challenges in managing radio resources. This architecture is only optimal when the UEs

also move in the same direction as the LEOs, e.g., a fleet of cruise ships [136].

ii. Earth-fixed beam: In this case, the LEO satellite’s beam can be steered to cover fixed

coverage areas throughout a service period (see Fig. 4.5(b)). Once the service period

of the current LEO satellite concludes, the approaching adjacent satellite takes over,

resulting in a synchronous HO, which occurs less frequently compared with the former

case. This scenario is suitable for both mobile and static UEs and requires the satellites

to be equipped with an electronically and mechanically steerable array antenna [123].

Depending on the beam management techniques, the nature and frequency of HOs can

vary, as shown in Fig. 4.6. It illustrates the impact of HO during the delivery phase of

completed on-demand EO service task results. Steps 1 to 7 present various cases of HO,

namely Case A, Case B, and Case C, respectively, which are further discussed in the following.

4.5.1 Case A

We refer to this as the full-HO case, indicating that all the tasks at the configuration time

slot t cannot be delivered within the current service period of the current LEO satellite, i.e.,

Tserve − t∆ < lrtni,t ∀i, t. In this situation, all task results should be returned to the respective
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Case A

Case C

Approaching LEO Satellite

(next position after handover)

Serving LEO
Satellite
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position)

Regenerative
Payload Regenerative

Payload

Service
Duration

Serving LEO Satellite
(initial position)

Reference users for
handover (handover
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Payload

Service
Duration
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(initial position)
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Figure 4.5: HO and non-HO scenarios in (a) Earth-moving beam scenario and (b) Earth-fixed
beam scenario.
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Figure 4.6: A key procedure for handling HO & non-HO scenarios in Earth-moving and
Earth-fixed beam contexts during the delivery of on-demand EO services.

UEs via the nearest adjacent approaching LEO satellite, whose footprint is likely to overlap

with the historical footprint of the current LEO satellite, as shown in Steps 1 to 3 of Fig. 4.6.

The transmission from the approaching LEO must be optimized based on the number of

completed tasks while fulfilling the QoS requirements. The bandwidth optimization problem

for the downlink delivery to minimize the worst-case delivery latency, by optimizing the total
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available bandwidth, can be formulated as follows:

Pdeli : min{b(1)i,t }

`

max{i}
`

lrtni,t

˘˘

(4.17a)

s.t. r
(1)
i,t ≥ η(1)req, ∀i, t, (4.17b)∑

i∈Ut

b
(1)
i,t ≤ B

(1)
UE,

∑, ∀t, (4.17c)

where r
(1)
i,t ≜ b

(1)
i,t log2 p1 +

p
(1)
i,t |h

(1)
i,t |

2

b
(1)
i,t N0

q represents the downlink delivery rate from the adjacent

LEO satellite to the task requesting UE, wherein |h(1)i,t |2 is the downlink channel coefficient

from the spot beam of the adjacent LEO satellite to the UE i, p
(1)
i,t denotes the transmit

power of the adjacent LEO satellite to communicate with UE i, and b
(1)
i,t is the optimized

downlink bandwidth from the adjacent LEO satellite to the UE i; η
(1)
req is the minimum QoS

requirement for the adjacent LEO satellite; and B
(1)
UE,

∑ is the total downlink bandwidth for

the adjacent LEO satellite.

The problem Pdeli is convex because the rate function containing the logarithm term in

(4.17b) is concave and can therefore be solved directly using the interior-points method [79].

This scenario is only applicable under the Earth-fixed beams configuration and the UEs are

uniformly distributed within the coverage area of the spot beam during any given time slot t.

The service period of an Earth-fixed beam is around 10 to 15 minutes during one orbital [42].

4.5.2 Case B

This can also be referred to as a partial-HO case, indicating that the task requests from

some UEs cannot be completed within the serving period of the current LEO satellite, while

the remaining UEs can be served within the serving period of the current LEO satellite,

i.e., Tserve − t∆ ≥ lrtni,t . To address this, the computed tasks that cannot be returned to the

corresponding UEs must be forwarded to the nearest approaching adjacent LEO satellite, as

illustrated in Steps 4 to 6 of Fig. 4.6. The delivery latency is further minimized by optimizing

the bandwidth, as per (4.17).

This situation is only experienced in the case of an Earth-moving beam scenario. The

service period of an Earth-moving beam is much shorter than that of an Earth-fixed beam

and depends on the size of the beam and the velocity at which the beam is sweeping. To

illustrate4.3, if the velocity of the LEO satellite is 7.6 km/sec and the radius of the circular

4.3It is one of the possible cases, not the only one.
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beam is 124 km, then the service period of the Earth-moving beam at a particular location

is around 32.63 seconds during one orbital.

4.5.3 Case C

This can be referred as non-HO case, indicating that all the tasks at time slot t can be suc-

cessfully delivered within the serving period, i.e., Tserve− t∆ ≥ lrtni,t , ∀i, t, which is illustrated

in Step 7 of Fig. 4.6. This scenario can only be experienced in the Earth-fixed beam scenario,

assuming that the UEs are uniformly distributed within the footprint of the serving LEO

satellite at any time slot t.

4.6 Performance Evaluation on Realistic System Parameters

In this section, we evaluate the performance of the proposed framework based on realistic

LEO satellite parameters.

4.6.1 LEO Satellite Footprint

The serving Starlink LEO satellite 4280 is assumed to be in orbit just above Mt. Everest,

Nepal at time t0 [137]. It is at an altitude (Hs) of 545 km just above Earth’s surface and is

considered to be d
(1)
0,t distance apart4.4 from the M = 4 adjacent LEO satellites, i.e., 2 in the

same orbit and the remaining 2 in the adjacent orbits. The FoV of one of the spot beams of

the serving LEO satellite is shown in Fig. 4.7.

4.6.2 Synthetic Dataset Generated from Realistic Parameters

The frequency and location of task requests are synthetically generated based on realistic

information due to the lack of suitable open-source datasets in this domain. According

to [138, 139], during the suitable window period, at least 500 tourists daily journey to the

Everest Base Camp (EBC), with 208 individuals aiming to climb the peak of Mt. Everest.

The primary locations encountered during the ascent of Mt. Everest include EBC, Camp-

I, Camp-II, Camp-III, Camp-IV, and Mt. Everest [140]. Requests to the LEO satellite

are expected to originate from users residing within the vicinity of these locations. At any

4.4The inter-orbit topology is considered to be stable using ISL communication, automated maneuvers, and
collision avoidance system.
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Figure 4.7: FoV of the serving LEO satellite’s spot beam.

given time, there are 292 users at EBC, and 208 users are evenly distributed in Camp-

I, Camp-II, Camp-III, Camp-IV, and Mt. Everest. Considering 2% of active users every

minute at both EBC and ascending Mt. Everest, the task arrival rate vector is denoted as

λ = [5.8, 0.8, 0.8, 0.8, 0.8, 1]min−1.

4.6.3 Network Implementation and Simulation Setup

The LEO satellite network is implemented using orbital data (two-line element, TLE) from

Starlink LEO satellite 4280 [137], with its orbital path rendered in MATLAB using satelliteScenario

object. The path loss between the satellite and ground UEs is computed based on the satel-

lite’s instantaneous location relative to fixed UE positions within its FoV (see Fig. 4.7).

The positions of UEs making task requests are distributed based on a task arrival rate

vector λ across six major locations within the coverage area. The positions of UEs within

each major location vary within a uniform range of 0.1 km to 1 km. Consequently, the radius

of the adaptive spot is uniformly varied within the boundary [24, 124] km for which the spot
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Table 4.2: Simulation Parameters

Parameters Value

τi,t, ∆ 60 sec, 60 sec
Si,t, si,t U [10 MB, 20 MB] [141], 0.6× Si,t [142]
ci,t {0.05, 0.075} Kcycles/bit [143,144]

F
(0)∑ , F

(1)∑ , F
(2)∑ 3 GHz [116], 3 × 4 GHz, 12 GHz

E
(0)∑ , E

(1)∑ , κ(n) 5000 MJ [116], 4 × 5000 MJ, 10−28 [116]

RISL, RGW 10 Gbps [116], 300 Mbps [116]

d
(1)
0,t , d

(2)
0,t 1000 km [116], 3000 km

P
(0)
ISL,

∑, P
(0)
GW,

∑ 30 dBW [116], 20 dBW [116]

P
(0)
UE,

∑ 25 dBW [116]

B
(0)
UE,

∑, fc 100 MHz [123], 2 GHz [123]

η
(0)
req, N0 50 Mbps [75,123], -203.9772 dBW/Hz

beam gain is between [22, 36] dBi [123].

The wireless channel for the non-terrestrial network is modeled using Rician fading, which

captures both deterministic line-of-sight (LoS) and non-LoS (NLoS) components, as men-

tioned in [75], [123]. The large-scale fading is represented by free-space path loss, which

varies dynamically based on the satellite’s orbital position relative to the ground UE. In

alignment with the standards of 3rd Generation Partnership Project (3GPP) Release 18 [24]

for direct-to-device services based on LEO, we adopt an S-band carrier frequency (fc = 2

GHz) for the service link. This choice is justified by the fact that atmospheric losses such

as rain fade and cloud attenuation are negligible below 6 GHz [145], allowing us to exclude

these effects from the channel model. All remaining simulation parameters related to tasks,

system configuration, and channel characteristics are summarized in Table 4.2.

4.6.4 Performance Evaluation

In this part, we present numerical results for the satellite scenario described in Section VI-C.

The simulation results are averaged over 200 random channel realizations. We compare the

proposed framework with the following references:

• Equal Task Portion Offloading: This is a proposed task offloading scenario that involves

an equal distribution of resources without optimizing them.

• Binary Offloading: This is a binary offloading method optimizing computational re-

sources and downlink delivery bandwidth [112–115].
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• Fixed Computation and Communication: This is a fractional task offloading scenario

without optimizing computational resources and downlink bandwidth [111].

• Without Offloading: No task offloading occurs; all computations are performed on the

serving LEO satellite.

The comparison with the terrestrial task offloading solution is not considered, as satellite

systems are designed to complement the terrestrial networks, which are assumed to be un-

available in such challenging terrain.

Convergence and Complexity of the Proposed AO Framework
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Figure 4.8: Convergence of the AO sub-problems P1 and P2 for the non-convex problem P.

Fig. 4.8 depicts the convergence behavior of the proposed AO framework, highlighting

its effectiveness in solving the non-convex problem P. The figure tracks the objective values

of the sub-problems P1 and P2 across successive AO iterations, comparing our SCA-based
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Figure 4.9: Time-complexity of the proposed AO algorithm.

approach for P1 against a global optimality benchmark obtained via the BnB method. Both

approaches incorporate convex optimization for P2. The results show that the SCA-based

method converges rapidly to a solution of comparable quality to the BnB benchmark, stabiliz-

ing in fewer than five iterations. Additionally, it meets the termination criterion of a relative

error (ϵ) below 10−2, confirming the efficiency and practical effectiveness of the proposed AO

framework in minimizing the maximum task completion time while successfully completing

all requested tasks Ut. The figure also shows that total task completion is maximized, i.e.,

equal to the number of requests (Ut), and that completion time improves consistently across

AO iterations until convergence. This improvement is attributed to the choice of the weight

parameter w1, which balances multiple objectives in P. The impact of w1 will be analyzed

in the next sub-section.

To analyze the computational complexity of our proposed AO algorithms, Fig. 4.9 presents

the simulation time for both the SCA (SCA for P1 + convex optimization for P2) and BnB

(BnB for P1 + convex optimization for P2) methods using the same CVX solver. For small

problem sizes, the SCA method slightly outperforms BnB in computation time. As the

problem size grows with the number of tasks, computation time increases exponentially;

however, the SCA method remains faster than BnB while approaching BnB’s performance.

Given its comparatively lower computational cost, we will be using the SCA method for the
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remaining simulations.

In this context, an increase in the problem size corresponds to a rise in the number

of service-requesting UEs within a time slot. To ensure practical applicability under these

conditions, we propose setting an upper limit on the number of UEs that a LEO satellite

can process within a single time slot. The remaining UEs should then be scheduled based

on priority metrics such as signal strength, fairness, task size, task characteristics, tolerance

time limits, and service duration.

Impact of the Weight on the Objective Function

0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

20

30

40

50

60

70

T
im

e
 t

a
k
e
n

 t
o

 c
o

m
p

le
te

 t
h

e
 t

a
s
k
, 
s
e
c

19.75

19.8

19.85

19.9

19.95

20

20.05

20.1

20.15

20.2

Figure 4.10: Weight vs. multi-objective optimization function value.

Since problem (4.10) simultaneously maximizes the executed tasks and minimizes the

task delivery latency, the weight w1 directly impacts the priority of the objective function in

(4.10). Meanwhile, we have already fixed the weight, i.e., w2 = 10−4, to control the penalty

function Ψ(n) for the SCA method. The effect of w1 on the objective function is depicted

in Fig. 4.10, provided that it is solved using SCA and BnB methods and w2 = 10−4 for the

penalty function Ψ(n) in problem (4.15). It is shown that at w1 = 0.63, incomplete fulfillment

of requested tasks at time slot t occurs, resulting in a lower total task completion time.

As w1 exceeds 0.63, both the total completed tasks and the task completion time increase.

Optimal performance is achieved when w1 = 0.93, completing all tasks. However, at w1 = 1,
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while all tasks are completed, the time taken equals the time slot duration ∆ as there will

be no intention to minimize the total task completion time. The SCA method employing

the penalty function performs comparably to the BnB method in terms of achieving optimal

values.

Note: SCA methods are well-suited for managing large numbers of concurrent service

requests from UEs, thanks to their fast convergence, low computational complexity, and con-

sistent performance, as shown in figures 4.8– 4.10. They enhance numerical convergence in

non-convex optimization by using a strongly convex surrogate and offering a flexible frame-

work. However, their performance heavily depends on step size selection (or weight w2 in

our case), which includes exact or successive line search methods and diminishing step sizes.

While successive line search is simpler, it incurs computational costs from repeated evalu-

ations of the nonsmooth function. Diminishing step sizes are sensitive to decay rates and

are challenging to implement [38]. To address this, a fixed value for w2 is employed in this

chapter, ensuring faster convergence with minimal tuning. The value of w2 is determined

through trial and error.

Trend of Maximum Task Completion Time

Fig. 4.11 presents the trend of the proposed SCA method for selected time slots, where the

number of tasks per time slot follows a Poisson distribution. The arrival rate for the Poisson

distribution is derived from realistic observations. The figure illustrates that the proposed

method outperforms other reference schemes in task completion time, ensuring efficient com-

putation offloading, load balancing, and enhanced parallelism. Additionally, the trends of

both the proposed method and reference schemes are significantly influenced by the number

of task arrivals per time slot. Furthermore, the outage scenario is not shown in the simulation

results but may occur if the system is overloaded and any of the constraints in optimization

problem P1 is not satisfied. This can be mitigated through proper implementation of the

scheduling algorithm [131].

Impact of Computational Cycles on Task Completion Time

Fig. 4.12 portrays the mean time required to fulfill the requested tasks for all methods, taking

into account diverse computational requirements for processing data bits. With a computa-

tional requirement of 50 cycles per bit, the proposed method achieves a mean completion time
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Figure 4.11: Trend of task completion time for different time slots.
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of 3.58 seconds, surpassing equal task portion offloading, binary offloading, fixed computation

and communication, and without offloading by 16.55%, 34.90%, 58.61%, and 85.48%, respec-

tively. As the computational requirement increases to 75 cycles per bit, the mean completion

time for the proposed method increases by 36.87%, while equal task portion offloading, bi-

nary offloading, fixed computation and communication, and without offloading increase by

34.27%, 37.45%, 46.36%, and 48.68%, respectively. This indicates a sub-linear increase in

the time taken to complete the requested task for both the proposed method and reference

methods with the increment in computational requirements for processing data bits.

Impact of ISL and Feeder Link Capacity

Table 4.3: Different ISL (uplink, downlink) and Feeder-link Rate (uplink, downlink) Condi-
tions

Condition Rates ([RISL, RGW])

R1 [102.4, 30] Mbps

R2 [409.6, 120] Mbps

R3 [716.8, 210] Mbps

R4 [1024, 300] Mbps

R5 [10240, 3000] Mbps

Fig. 4.13 presents the impact of the ISL and feeder-link capacities on the offloading

decision, assuming an equal size of 15 MB for all tasks. In condition ‘R1’, as indicated

in Table 4.3, a substantial portion of the task is performed at the serving LEO satellite,

followed by the adjacent LEO satellite, and then the cloud-aided GW, ultimately completing

the entire requested task. This is attributed to the lower ISL and feeder link rates (uplink,

downlink), with the feeder link rate being 3.4 times smaller than the ISL rate. As the ISL and

feeder-link capacities increase, while maintaining the previous rate ratio of 3.4, it is observed

that under conditions ‘R2’ to ‘R4’, a large portion of tasks are offloaded to adjacent LEO

satellites, followed by the GW, and then the serving LEO satellite. In condition ‘R5’, where

both ISL and feeder-link rates are improved, nearly equal proportions of tasks are offloaded

to adjacent LEO satellites and GW due to energy requirement constraints in the serving

and adjacent LEO satellites. The smallest portion of tasks is offloaded to the serving LEO

satellite.

Fig. 4.14 shows the impact of ISL and feeder-link rates on computational resource uti-

lization depicted for the SAGINs, influencing mean task completion time. In condition ‘R1’,
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Figure 4.13: Impact of ISL rate on the portion of the task offloaded
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tasks are predominantly assigned to the serving LEO satellite, leading to full utilization of

its computational resources. Adjacent LEO satellites show slight under-utilization relative

to their full capacity, while the GW remains comparatively under-utilized. The average task

completion time in this scenario is approximately 9.46 seconds. As ISL and feeder link rates

increase from ‘R2’ to ‘R5’, the unused computational capacity in the serving LEO satellite

and adjacent LEO satellites also increases. However, the unused computational capacity in

the GW decreases significantly due to a substantial improvement in the feeder-link rate and

the absence of energy constraints for the GW. This results in a sudden 68.4% improvement in

mean task completion time in ‘R5’, showcasing the massive parallel offloading (see Fig.4.13)

of the requested tasks with the enhancement of the ISL and feeder link rates.

4.6.5 Impact of Beam Management Techniques

In this section, we demonstrate the impact of the Earth-moving beam and Earth-fixed beam

schemes on task completion time. In the latter, we consider adaptive spot beams, which are

only possible with a fully regenerative payload [123].

Fig. 4.15 depicts the impact of the Earth-moving beam and Earth-fixed beam on the HO

scenario, along with their influence on the trend of task completion time. The Earth-moving

beam exhibits frequent asynchronous partial HO, while the Earth-fixed beam undergoes syn-

chronous full-HO. As shown in the figure, toward the end of the service period (indicated

by the dashed vertical line), the task completion time is generally higher for the Earth-fixed

beam (blue line) compared to the Earth-moving beam (magenta line). Conversely, during

the service period, the Earth-moving beam typically exhibits longer task completion times,

indicating more frequent HOs. This behavior arises because the Earth-moving beam sweeps

across the Earth at 7.6 km/sec, while the Earth-fixed beam can continuously serve a given

location for approximately 10 to 15 minutes.

Fig. 4.16 illustrates the impact of various HO scenarios on the mean task completion time.

When non-HO conditions are considered, the mean task completion time is 3.58 seconds. In

the cases of 25%, 50%, 75%, and 100% HOs, the mean task completion time worsens by 5.3%,

9.21%, 12.84%, and 15.08%, respectively.
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e) on

the imperfect CSI for HO scenario.

4.6.6 Impact of Imperfect CSI

Having perfect CSI is practically challenging, especially in LEO systems. In realistic condi-

tions, more likely in HO scenarios, the satellite operates based on imperfect channel estima-

tion, in which the estimation error is modeled as a statistically independent variable from

the estimated channel. Let σ2
e as the CSI estimation error variance, the achievable downlink

rate under the robust receiver can be given as [123]: rimp
i,t = bi,t log2

´

1 +
p
(1)
i,t ĝ

(1)
i,t

p
(1)
i,t σ

2
e+bi,tN0

¯

.

Fig. 4.17 presents the impact of imperfect CSI on the proposed task offloading design

using rimp
i,t . The robustness of our design is demonstrated by its close performance to the

perfect CSI case, even for estimation errors up to 10−3. When the estimation error is large,

the mean task completion time increases dramatically, as expected.

4.7 Open Discussion

In this section, we present unresolved research questions that require further clarification,

such as: How can a serving LEO satellite identify its adjacent neighboring LEO satellites?

and How can the formulated problem be practically implemented?
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4.7.1 Selection of Adjacent Neighboring LEO Satellites

A serving LEO satellite can identify multi-orbital adjacent neighboring satellites using ephemeris

data and ISLs. However, the selection of neighboring LEO satellites depends on the following

factors:

• Availability of free computing resources in adjacent LEO satellites.

• Stability of ISLs, as maintaining stable links is challenging and requires specialized

on-board hardware [123].

• Dynamic nature of the LEO topology.

The design of a robust algorithm that considers all these factors for selecting adjacent

LEO satellites in our proposed SaaS platform remains an open discussion point and is left for

future work. However, it is worth noting that incorporating dynamic availability of adjacent

LEO satellites, based on real-time resource feedback during the monitoring window δmon,

would primarily affect the upper bounds of constraints (4.10f)–(4.10h), i.e., F
(1)∑ and E

(1)∑ .

This modification does not alter the structure of the optimization problem, allowing the

proposed framework to be extended to more realistic, dynamic scenarios without significant

reformulation.

4.7.2 Practical Implementation Process

To practically implement the formulated design, one possible solution is to adopt a Kubernetes-

based framework, as illustrated in Fig. 4.18. Kubernetes is a lightweight, open-source con-

tainer orchestrator [124–127] with the capability to dynamically allocate computational re-

sources across SAGINs. Upon implementation, Kubernetes will operate across all SAGINs,

with core components like the application programming interface (API) server, scheduler,

and pods, while OpenStack manages the virtual infrastructure [146]. SAGIN 0 will serve

as both the master and worker node, while other SAGINs will function as worker nodes.

The master node will host the control plane, optimizing task distribution and load balancing

through horizontal and vertical auto-scaling [124–127], ensuring efficient processing of EO

service requests, including image/video pre-processing and AI-based EO applications [147].

Although a Kubernetes-based approach is a viable framework for realizing this work in

practice, other robust approaches may also exist, and this remains an open discussion point.
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Figure 4.18: Schematic diagram of an open-source, very lightweight, and widely adopted
container orchestrator (Kubernetes)-based SaaS platform designed for allocating computing
resources of the SAGINs.

4.8 Summary

In this chapter, we proposed a novel framework for optimizing computational and com-

munication resources in access SAGINs, addressing a realistic multi-objective optimization

problem with practical implementation approaches using Kubernetes. Given the non-convex

nature of the joint optimization problem, we employed an AO framework to decouple it into

two sub-problems, which are solved iteratively: one for optimizing task offloading decisions,

and the other for optimizing computation and service link bandwidth allocation. Simula-

tions based on realistic parameters showed that our proposed approach outperforms other

reference offloading approaches by at least 16%. Furthermore, we analyze the impact of the

ISL and feeder link capacity on offloading decisions and task completion time. We also ex-

amined the influence of HOs showing that the Earth-moving beam scenario yields a better

average task completion time than the Earth-fixed beam scenario, although with frequent and

asynchronous HOs.
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Chapter 5
ISAC-Enabled Handover Design in LEO

Satellite Networks

Mega-constellations of low Earth orbit (LEO) satellites are envisioned to deliver global broad-

band and direct-to-cell services, requiring seamless handovers (HOs) to ensure uninterrupted

connectivity. Conventional break-before-make HO protocols, although supported by inter-

satellite links, suffer from beamforming delays due to the high orbital velocities of LEO

satellites. To address these limitations, we propose an integrated sensing and communi-

cation (ISAC)-assisted HO (ISAC-HO) protocol that enables make-before-break HOs via

ISAC-enabled ground terminals (GTs). A novel ISAC design capable of generating a three-

dimensional (3D) beampattern under realistic conditions allows GTs to sense approaching

LEO satellites without significantly compromising communication with the currently serving

LEO satellite. The design problem is highly challenging due to its non-convexity and mixed-

integer nature. To tackle these challenges, we propose an approach that leverages Rieman-

nian manifold optimization and closed-form solutions. For multi-GT scenarios, we introduce

a multi-agent deep reinforcement learning (MADRL) framework that mitigates sensing col-

lisions and ensures quality-of-service under shared spectrum constraints. Numerical results

confirm that the proposed ISAC design significantly improves the communication–sensing

trade-off, enables smooth HO, and remains robust in the presence of imperfect channel state

information.

113
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5.1 Introduction

Extensive research is underway on beyond fifth-generation (B5G) and sixth-generation (6G)

communications to provide seamless services and fulfill the growing and multifaceted demands

of applications such as high-resolution video on demand, online gaming, and mission-critical

Earth observation. These demands are caused due to the proliferation of high-end connected

devices and rapid advancements in software applications, which have made the radio spectrum

an increasingly scarce and valuable resource [42, 148]. B5G/6G networks aim to deliver

high-throughput, low-latency communication services and are expected to support sensing

and cognition capabilities [149], enabled by massive multiple-input multiple-output (MIMO)

transceivers designed for dual purposes such as ISAC [150].

Meanwhile, the space industry is experiencing massive disruption [151] as tech giants race

to deploy LEO satellite constellations to meet the unprecedented demand for mobile data

traffic and to bridge the digital divide caused by geographic, economic, and technological

barriers. Companies such as SpaceX, Eutelsat OneWeb, Amazon’s Project Kuiper, Telesat,

and Shanghai Spacecom Satellite Technology are competing to launch large constellations of

LEO satellites that offer global broadband and direct-to-cell services [44].

The large constellations of LEO satellites are necessary to cover almost all parts of the

Earth due to their smaller field of view (FoV) and non-geostationary nature. Because LEO

satellites are non-geostationary, they can only provide service for a few minutes in an Earth-

fixed-beam scenario during a single orbit [123]. To maintain continuous uninterrupted service

between LEO satellites and GTs, seamless HO is required.

Based on 3GPP Release 17 [27], the HO procedure for LEO satellites follows conventional

protocols used in terrestrial networks, as illustrated in Fig. 5.1. Specifically, it employs

a break-before-make conditional HO5.1, requiring the GT to detach from the serving LEO

satellite before connecting to the approaching LEO (target). The serving LEO initiates this

HO when triggered by factors such as radio resource management (RRM) measurements,

service duration, and geographical location. However, the execution time of this procedure

is non-deterministic. Empirical studies on Starlink LEO networks indicate that HO events

occur approximately every 15 seconds, causing link interruptions ranging from tens to several

hundreds of milliseconds, depending on satellite dynamics and GT responsiveness [152], [153].

5.1The dual active protocol stack (DAPS) HO, which is a make-before-break HO protocol, is not supported
for non-terrestrial networks (NTN) according to 3GPP Release 17 [27].
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These disruptions result in packet loss bursts and degraded throughput, which are inherent

limitations of break-before-make HO protocols.

This challenge originates from the GT’s requirement to rapidly beamform toward the fast-

moving approaching LEO after receiving the RRC Reconfiguration message, which provides

synchronization parameters such as ephemeris data, frequency, bandwidth, and timing. Syn-

chronization with the approaching LEO can only begin after detachment from the current

LEO, and only if the GT first verifies that HO conditions are met. This verification involves

measuring the received signal strength (reference signal received power, RSRP) and quality

(reference signal received quality, RSRQ) of the approaching LEO. The GT performs these

measurements while still latched to the serving LEO, using periodic communication link in-

terruptions to rapidly steer its directional beam toward the approaching LEO, guided by

ephemeris data. To mitigate the uncertainty associated with this process, we propose an

ISAC-HO mechanism as an alternative to the conventional HO procedure in LEO satellite

systems.

To realize ISAC-HO, transceivers must be equipped with massive MIMO technology and

ISAC functionalities. This enables a GT to maintain the communication link with the serv-

ing LEO while using a sensing beam to receive the downlink reference signals continuously

broadcast by the approaching LEO. Conceptually, the ISAC-HO process in Fig. 5.2 operates

as follows: When a conditional HO is triggered, the serving LEO initiates the process by

transmitting an RRC-ISAC Reconfiguration message to the GT and an HO Request mes-

sage to the approaching LEO. The RRC-ISAC Reconfiguration message instructs the GT to

switch to ISAC mode without waiting for an HO acknowledgment, enabling it to proactively

evaluate the link by measuring RSRP and RSRQ through its sensing beam while maintaining

the active connection.

The HO acknowledgment received after the approaching LEO completes admission control

serves purely as network-level validation. Upon receiving this message, the GT detaches only

after sensing confirms that HO conditions are met, and immediately redirects its communi-

cation link using the pre-established beamforming vector. This mechanism enables seamless

HO by eliminating transmission discontinuity. In the conventional scheme (Fig. 5.1), the GT

detaches first and then evaluates the approaching LEO, resulting in a transmission halt. In

contrast, the ISAC-HO5.2 scheme allows the GT to evaluate the link through sensing first

5.2This work focuses on validating the core enabling capability of the proposed ISAC-HO protocol, i.e., ISAC
beamforming. Full integration with measurement and decision protocols is part of the overall system concept.
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Figure 5.1: The conventional HO protocol for LEO satellites [27]

and detach only after confirmation, realizing a make-before-break approach that significantly

reduces interruption time.

Building on the proposed ISAC-HO protocol illustrated in Fig. 5.2, we recognize that

although seamless HO is achievable, its impact on joint communication and sensing perfor-

mance must be rigorously evaluated under practical operational constraints. To achieve this,

we model GTs as very small aperture terminals (VSATs) for their hardware advantages and

investigate ISAC beamforming techniques to facilitate the development of an efficient ISAC

design tailored to our practical use-case scenario.

5.1.1 Related Works

Early ISAC studies focused on interference management techniques to control the mutual

interference between the radar and communications subsystems in single-carrier systems
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[39, 154, 155]. In [39], two ISAC strategies for multi-user (MU) MIMO systems with mono-

static radar sensing are proposed, involving either two separate sub-arrays for dedicated

sensing and communication (DSAC) or a shared array at the base station. In [154], the

transmit covariance matrix is designed to minimize the effective interference power at the

radar receiver. In [155], it is shown that large-scale arrays can substantially mitigate mutual

interference between radar and communications.

Recent works [156–159] have shifted focus towards ISAC in MU-MIMO systems, with [158,

159] employing orthogonal frequency-division multiplexing (OFDM) to enhance both radar

and communication performance. In particular, [156] and [157] prioritize radar performance

under communication constraints. In contrast, [158] targets the joint optimization of radar

and communication performance using a weighted objective function, but without offering
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subcarrier-level flexibility. To address this limitation, the works in [159] introduce flexibility

in subcarrier selection to improve the communication–sensing tradeoff in MIMO-OFDM ISAC

systems.

While terrestrial ISAC has been extensively studied, its application in LEO satellite net-

works is still relatively unexplored. In [160], the authors provide an overview of LEO satellite

systems and ISAC, proposing their integration in massive MIMO LEO systems for beam

training, tracking, and resource allocation to achieve ubiquitous and seamless coverage. The

work in [161] further explores ISAC designs based on rate-splitting in MU-MIMO LEO sys-

tems, aiming to maximize the minimum communication energy efficiency across all users

while ensuring sensing performance. However, unlike [159], this approach lacks subcarrier

selection flexibility, and the ISAC is exploited at the LEO side.

5.1.2 Motivation and Contributions

This work is motivated by the subcarrier-sharing techniques proposed in our previous work

[159] for the terrestrial base stations. However, unlike [159], we consider a 3D single-user

(SU) MIMO and MU-MIMO ISAC system for the uplink (UL) scenario to assist ISAC-HO

in the LEO satellites. We adopt a realistic system model by employing large uniform planar

arrays (UPAs) [162] at both the transmitter and receiver, which is not the case in prior

works [39,154–161].

Note that the design and optimization of UL ISAC is more challenging than in the down-

link case and remains a subject of significant attention and ongoing research [163]. This is

primarily because, in the UL scenario, collaboration between multiple users is not feasible

without incurring additional communication overhead. Even if such overhead is allowed, it

remains uncertain whether UL ISAC can be effectively realized within the short serving pe-

riod of an LEO satellite. In contrast, downlink ISAC allows for more manageable spectrum

allocation, as decisions are centrally coordinated by a single entity (the LEO satellite, in our

case). Therefore, the technique developed in [159] is not readily applicable to our considered

system and design problem, and a novel approach is required to effectively address UL ISAC

in the MU-MIMO setting.

Our specific contributions can be summarized as follows:

• We propose a make-before-break ISAC-HO strategy in LEO satellite networks enabled

by ISAC capability at GTs. In particular, we formulate a joint 3D ISAC beamform-
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ing and subcarrier allocation design for intelligent ISAC-HO, which offers flexibility

in selecting subcarriers for sensing toward the approaching LEO satellite, while simul-

taneously maximizing communication spectral efficiency (SE) with the serving LEO

satellite, enabling proactive ISAC-HO execution without service interruption. This de-

sign is subject to sensing, power, and minimum quality of service (QoS) constraints.

The formulated problem belongs to the difficult class of non-linear mixed-integer non-

convex optimization problems, which is generally non-deterministic polynomial-time

hard.

• We propose to solve the optimization problem by decomposing it into two sub-problems.

In the first sub-problem, we focus on designing an optimal covariance matrix to match

the target sensing beampattern. In the second sub-problem, we adopt a three-stage

sequential optimization scheme to evaluate the ISAC precoders and combiners. Specif-

ically, subcarriers are first allocated for communication and sensing. Next, the ISAC

precoders are optimized using Riemannian manifold optimization [39, 159]. Finally, a

singular value decomposition (SVD)-based method is employed to obtain the combiner

at the receiver. The proposed optimization is robust against imperfect channel state

information (CSI) conditions.

• We extend the proposed ISAC design using a distributed MADRL approach to address

practical multi-VSAT scenarios in which multiple VSATs are simultaneously served by

an LEO satellite. Inspired by [35], our MADRL method enables decentralized spectrum

allocation under uncertain dynamics, eliminating prior coordination while minimizing

sensing collisions. Compared to distributed ISAC optimization, it improves SE and

reduces both power consumption and collision probability.

• Finally, the advantages of the proposed framework are demonstrated with a realistic

3D beampattern and Starlink’s LEO satellite scenario. For a 16 × 64 MIMO system

with 8 subcarriers, the proposed ISAC scheme using 2 subcarriers achieves up to 17%

improvement over the conventional ISAC scheme and up to 10% over DSAC within a

given signal-to-noise (SNR) range. Its performance relative to time-division sensing and

communication (TD-SAC) [164] depends on HO duration and frequency, and switching

complexities. Furthermore, the robustness of the proposed ISAC design under imperfect

CSI is also demonstrated.



120 Chapter 5

The remainder of this chapter is organized as follows. Section 5.2 describes the system

model and parameters. Section 5.3 presents the problem formulation. Section 5.4 introduces

the decomposition and sequential optimization approach to address the proposed problem.

Section 5.5 shows how imperfect CSI impacts our solution. Section 5.6 provides the solution

for the MU-MIMO ISAC scenario based on MADRL. Section 5.7 demonstrates the effec-

tiveness of the proposed schemes using numerical results. Finally, Section 5.8 concludes the

chapter.

5.2 System Model

We focus on the UL in the fully regenerative LEO satellite networks, where the LEO satellite

acts as a satellite access node and communicates with the VSAT via MIMO-OFDM tech-

nology. Due to the fast movement of LEO satellites, the VSAT experiences frequent HOs

between the currently serving LEO and an approaching one. To enhance communication

during these HOs, the VSAT is equipped with ISAC capability, which allows it to proactively

sense the approaching LEO while maintaining communication with the currently active one,

as illustrated in Fig. 5.3.

5.2.1 Communication System Model

The VSAT is equipped with a UPA consisting of Nx
tx elements along the x-axis and Ny

tx

elements along the y-axis, forming a total of Ntx = Nx
txN

y
tx antenna elements. It commu-

nicates with a UPA of Nrx = Nx′
rxN

y′
rx antenna elements on the LEO satellite, supporting

Ns data streams, where Ns ≤ min{Ntx, Nrx} and Ntx ≪ Nrx. For ease of presentation, let

m ∈ M = {1, 2} denote the LEO satellite access nodes in the ISAC-assisted VSAT system,

where m = 1 refers to the serving LEO satellite, and m = 2 refers to the nearest approaching

LEO satellite with a comparatively high service duration, which may reside in the same or

adjacent orbits relative to the serving LEO. The position of LEO satellite m relative to the

VSAT is represented by the triplet {dm, θm, ϕm}, where dm is the slant distance between the

LEO satellite m and the VSAT, θm ∈ [−90◦, 90◦] and ϕm ∈ [−180◦, 180◦] are the elevation

and azimuth angles seen from VSAT, respectively.

Let Km = {1, 2, . . . , k, . . . ,Km} be the set of all UL subcarriers from the VSAT to LEO

satellite m. Denote s1,k ∈ CNs×1 as the Ns streams of the data symbols transmitted from
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Figure 5.3: ISAC-assisted VSAT communicates with the serving LEO satellite, while beam-
forming towards an approaching LEO satellite to facilitate the make-before-break HO.

VSAT to serving LEO via subcarrier k with E{s1,ksH1,k} = INs . The received UL signal at

the serving LEO (i.e., m = 1) via k-th subcarrier from the VSAT during its service period

Tserve is given as:

y1,k = FH
1,kH1,kW1,ks1,k + FH

1,kn1,k, (5.1)

where F1,k ∈ CNrx×Ns is the combining matrix at the serving LEO, H1,k ∈ CNrx×Ntx is the

UL channel matrix from VSAT to serving LEO, W1,k ∈ CNtx×Ns is the precoding matrix at

the VSAT, and n1,k ∼ CN (0, INsσ
2
n) is the additive white Gaussian noise. After Doppler

compensation [75], H1,k = g1,kvu
T , where g1,k is the channel gain for the subcarrier k,

incorporating both large-scale fading (dominated by free-space path loss) and small-scale

fading components characterized by the Rician model in [42]; v ≜ {v1,k(ϑ1, φ1, f1,k)}∀k ∈

CNrx×1 is the receive array response vector, wherein ϑ1 and φ1 are the elevation and azimuth

angle of the arrival angle pairs at the serving LEO; and u ≜ {u1,k(θ1, ϕ1, f1,k)}∀k ∈ CNtx×1

is the transmit array response vector, wherein θ1 and ϕ1 are the elevation and the azimuth
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Table 5.1: Summary of Main Notations

Notations Description

Nx
tx ×Ny

tx Number of planar antenna elements along the x- and
y-axes of the VSAT antenna array

Nx′
rx ×Ny′

rx Number of planar antenna elements along the x- and
y-axes of the LEO satellite antenna array

Km Set of all UL subcarriers from VSAT to m-th LEO
J2 Set of UL subcarriers for sensing approaching LEO
H1,k UL channel matrix for the k-th subcarrier
W1,k Precoder at the VSAT for the k-th subcarrier
F1,k Combiner at the serving LEO for the k-th subcarrier
PV, N1,k Each VSAT total power and noise covariance matrix
u, v Transmit and receive array response vectors
θ1, ϕ1 Elevation and azimuth angle of the departure angle

pairs at the VSAT
ϑ1, φ1 Elevation and azimuth angle of the arrival angle pairs

at the serving LEO

angle of the departure angle pairs at the VSAT. The symbol f1,k denotes the frequency of

the k-th subcarrier used for this UL transmission.

Assuming a UPA with half-wavelength antenna spacing in both the x- and y-dimension,

the steering vectors u and v for communication with serving LEO using subcarrier k, where

X ≜ {1, k} denotes shorthand indexes, are defined as [165]:

u =
1

?
Ntx

r1, . . . , ejλx(n
xcosϕ1+nysinϕ1)cosθ1 , . . . , ejλx((N

x
tx−1)cosϕ1+(Ny

tx−1)sinϕ1)cosθ1s
T ; (5.2)

v =
1

?
Nrx

r1, . . . , ejλx(n
x′cosφ1+ny′sinφ1)cosϑ1 , . . . , ejλx((N

x′
rx−1)cosφ1+(Ny′

rx−1)sinφ1)cosϑ1s
T , (5.3)

where λX ≜ πfx
fc

. The indices 0 ≤ nx < Nx
tx and 0 ≤ ny < Ny

tx denote the x and y position

of the UPA elements on the VSAT, while 0 ≤ nx′
< Nx′

rx and 0 ≤ ny′ < Ny′
rx represent the x′

and y′ positions of the UPA elements on the LEO satellite.

Assuming perfect CSI at the VSAT, based on (5.1), the SE at subcarrier k of the VSAT

is given as:

η1,k = log2

´

det
´

INs +
PV

Ns
N−1

1,k (F
H
1,kH1,kW1,kW

H
1,kH

H
1,kF1,k)

¯¯

, (5.4)

where PV is the total power of the VSAT, N1,k = σ2
nF

H
1,kF1,k is the noise covariance matrix
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after combining, and σ2
n = N0b1,k. Here, N0 is the noise spectral density and b1,k ≜

B∑
K1

is

the subcarrier k-th bandwidth, wherein B∑ is the total bandwidth.

ISAC Commun.
only

subcarrier

For commun. (serving LEO)

For sensing (approaching LEO)

Figure 5.4: An example of flexibility in selection of ISAC subcarriers.

5.2.2 Sensing Operation

In addition to communication, the proposed ISAC framework allocates an optimized subset

of subcarriers J2 ⊂ K1, with |J2| = J2, as illustrated in Fig. 5.4, to simultaneously sense the

approaching LEO satellite (m = 2) via 3D beamforming. This sensing operation proactively

facilitates a make-before-break HO, as shown in Fig. 5.3, by confirming the presence of the

target and ensuring a reliable communication link during the transition.

Assuming the spatial parameters {d2, θ2, ϕ2} of the approaching LEO are proactively

known from network ephemeris data transmitted from the serving LEO (m = 1) to the

VSAT as part of the RRC-ISAC Reconfiguration HO message (see Fig. 5.2), the VSAT op-

timizes a sensing covariance matrix R2,k for each subcarrier k ∈ J2. The procedure for this

optimization is explained in the next section. The matrix is designed to maximize the beam-

forming gain toward the approaching LEO based on the desired beampattern gain, thereby

ensuring the sensing QoS required for seamless HO within the proposed ISAC framework

with flexible subcarrier allocation.

5.3 Problem Formulation

Here, we formulate a joint optimization problem that maximizes the SE per subcarrier of the

communication signal for the serving LEO while designing the optimal sensing covariance

matrix based on the 3D steering vector of the approaching LEO, subject to a sensing QoS
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requirement. The proposed ISAC optimization problem is formulated as follows:

P : max
{R2,k,W 1,k,F1,k}k∈K1

,µ,Γ,J2

1

K1

∑
k∈K1

η1,k (5.5a)

s.t.
∑
k∈J2

Nel∑
nel=1

Naz∑
naz=1

|µB2 − uH
2,kR2,ku2,k| ≤ Γ, (5.5b)

diag(R2,k) = 1Ntx×1PV/Ntx, ∀k, (5.5c)

R2,k ≥ 0Ntx×Ntx ; R2,k = RH
2,k, ∀k, (5.5d)

∥W1,k∥2 ≤ PV, ∀k, (5.5e)∑
k∈J2
∥W 1,kW

H
1,k −R2,k∥2

J2
≤ ϵ0, (5.5f)

where R2,k denotes the Hermitian positive semi-definite covariance matrix of the sensing

signal, µ represents a scaling factor for desired sensing beampattern matching, and W1,k and

F1,k are precoder and combiner, respectively, which may or may not possess ISAC capabilities

for subcarrier k. The desired beampattern gain, i.e., B2 ≜ B2(θnel
2 , ϕnaz

2 , f2,k), describes

the 3D target space defined by the elevation angle θnel
2 , azimuth angle ϕnaz

2 , and subcarrier

f2,k for sensing approaching LEO. The transmit steering vector uH
2,k ≜ u2,k(θ

t
2, ϕ

l
2, f2,k) is

used to design the covariance matrix R2,k of the sensing signal based on the scaled desired

beampattern, µB2. The quality of the actual sensing beampattern, i.e., uH
2,kR2,ku2,k, is

governed by the mean absolute error tolerance Γ, while the sensing performance of the ISAC

beampattern is governed by the mean squared error (MSE) tolerance ϵ0. To detect the

approaching LEO, the VSAT scans a Nel ×Naz angular grid of elevation and azimuth angle

pairs for the approaching LEO, i.e., {θnel
2 }

Nel
nel=1 and {ϕnaz

2 }
Naz
naz=1, over the detection ranges of

[0◦, 90◦] and [−180◦, 180◦], respectively.

In problem P, constraint (5.5b) defines the 3D sensing beampattern5.3 toward the ap-

proaching LEO, ensuring the mean absolute error from the desired beampattern B2 remains

within Γ. Constraint (5.5c) guarantees that the waveform transmitted by different antenna

elements has the same average power. Constraint (5.5d) ensures that the designed covari-

ance matrix is Hermitian positive semi-definite. Constraint (5.5e) limits the total power of a

VSAT for sensing and communication. Constraint (5.5f) ensures that the MSE in designing

the covariance matrix of a subcarrier for the ISAC, based on the covariance matrix of the 3D

5.3Note that the design of the benchmark covariance matrix in (5.5b) differs from existing approaches [39,
159,166] by incorporating an additional angular dimension, which is necessary for 3D waveform design.
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beampattern design for sensing, remains within the tolerable limit ϵ0.

Difficulty to solve problem P : The problem P cannot be solved directly due to the non-

convexity of the objective function, high order of W1,k, & integer variables J2 in constraint

(5.5f). Moreover, constraint (5.5b) cannot ensure optimality of R2,k as Γ is unknown and

lacks a tight upper bound.

5.4 Problem Decomposition and Solution

In this section, a step-by-step algorithm is proposed to solve the original optimization problem

P in (5.5) by decomposing it into two sub-problems. The overall solution strategy is presented

in Fig. 5.5, which provides a high-level roadmap of the proposed approach.

Original Problem 
    Non-Convex

Convex

Output: 

Sub-Problem       : Design of
Non-Convex

Sub-Problem       : Design of

Closed-Form + Heuristic

Stage 1: Design of                        
using SVD & then      heuristically 

                                              

Stage 2: Design of                         
  for                                                 

 Riemannian Manifold  Closed-Form Solution

Stage 3: Design of                        
using SVD                                     

           

Sequential Optimization

Decoupling

Figure 5.5: Roadmap to solve the original problem P.

First, in the initial sub-problem, the optimal covariance matrix R2,k is designed to achieve

the desired target beampattern B2, which is essential for the next step. Once the optimal

R2,k is obtained, the second sub-problem focuses on evaluating sub-optimal values of W1,k,

F1,k, and J2 to maximize the SE per subcarrier for serving the LEO satellite, while satisfying

the sensing requirements.

5.4.1 Sub-Problem P1: Optimizing R2,k under tighter constraints to better

match the ISAC beampattern to B2

P1 : min
{R2,k,µ,Γ}

Γ; s.t. (5.5b)− (5.5d). (5.6a)
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The problem P1 is convex and can be efficiently solved using standard convex optimization

tools such as CVX [167].

5.4.2 Sub-Problem P2: Optimizing W1,k, F1,k, and J2 using the previously

optimized R2,k

P2 : max
{W 1,k,F1,k}k∈K1

,J2

1

K1

∑
k∈K1

η1,k; s.t. (5.5e), (5.5f). (5.7a)

The problem P2 is still non-convex due to its objective function and constraint (5.5f).

Thus, to solve P2, we decompose it into three sub-problems and apply a sequential optimiza-

tion approach, as described below.

Solving for J2

Without (5.5f), the problem (5.7) reduces to a communication-only problem. Consequently,

communication combiners and precoders, i.e., F 1,k and W 1,k, are derived using an eigenmode

beamforming approach, due to the low rank of the channel, as satellite channels typically

exhibit high correlation. More specifically, using an SVD-based approach, F 1,k and W 1,k are

assigned to the left and right principal singular vectors of H1,k, respectively, such that η1,k

is maximized. To satisfy the total power constraint at the VSAT, W 1,k is normalized using

an optimal power allocation strategy based on the water-filling approach [159], as follows:

W 1,k = V1,kP
1/2, (5.8)

where V1,k contains the dominant right principal singular vectors of H1,k and P 1/2 is a

diagonal matrix that satisfy the power constraint given in (5.5e). Based on F 1,k and W 1,k,

we evaluate the per-subcarrier SE from (5.4) and obtain the set J2 ∈ K1 of J2 subcarriers

with the lowest SE, which will be used for ISAC design5.4, while the remaining subcarriers

are used solely for communication.

5.4Note that the set of J2 subcarriers are heuristically selected to ensure that the overall sensing and com-
munication performance is not compromised.
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Solving for optimal values of W1,k

Once J2 is determined, the next step is to design the precoding vectors for ISAC subcarriers

within J2. Note that for subcarriers only used for communication, the precoding vectors are

designed in (5.8). Consequently, this sub-problem is formulated as follows:

P ′
2 : min

{W 1,k}k∈J2

ρ

J2

∑
k∈J2

∥W 1,kW
H
1,k −R2,k∥2

+
(1− ρ)

J2

∑
k∈J2

∥W 1,k −W 1,k∥2; s.t. (5.5e),

(5.9a)

where ρ is a weighting factor that balances the sensing and communication performance,

corresponding to the first and second terms of the objective function in (5.9a), respectively.

Since constraints (5.5f) for different k ∈ J2 are independent, problem (5.9) can be solved

across k independently using Riemannian manifold minimization to efficiently find a near-

optimal solution [159]. Then, the final precoders for the proposed ISAC system are given

as:

W1,k =


W 1,k, k /∈ J2

W ∗
1,k, otherwise,

(5.10)

where W 1,k is given in (5.8) and W ∗
1,k is the optimal solution of problem (5.9) solved by

using the Riemannian manifold optimization [159].

Solving for optimal values of F1,k

After W1,k is known for the proposed ISAC system, the solution for F1,k can be obtained

as the left principal singular vectors of H1,kW1,k [159]. However, since W1,k is computed

at the VSAT and not immediately available to the serving LEO, we instead use the left

singular vectors of H1,k alone for the solution of F1,k. This approximation has minimal

impact on average SE, as both methods employ unitary combiners that preserve the overall

rate, though per-stream rates may differ. Moreover, transmitting W1,k would introduce a

one-hop propagation delay of approximately 47 channel uses (c.u.) within a 300 c.u. block.

This estimate is based on a typical maximum slant distance of around 934 km, corresponding

to a minimum working ground elevation angle of 25◦ for a LEO satellite [93] operating at

an average orbital altitude of approximately 550 km above the Earth’s surface. Considering



128 Chapter 5

that each channel uses (c.u.) lasts one symbol duration of 66.7 µs according to Long-Term

Evolution (LTE) specifications [123], the resulting one-way propagation time is approximately

3.1 ms, which corresponds to roughly 47 c.u. ( 3.1 ms
0.0667 ms ≈ 47). Note that such a one-hop

delay may vary slightly depending on the satellite’s instantaneous position and the elevation

angle at the GT.

5.4.3 Initialization, Convergence, and Complexity Analysis

Initialization and Convergence Analysis

The sequential optimization framework for P2 comprises three stages (see Fig. 5.5). While

stages 1 and 3 employ closed-form solutions, Stage 2 requires an iterative Riemannian man-

ifold optimization procedure [159]. This solver is initialized with a random point on the

complex hypersphere that satisfies the power constraint specified in (5.5e). For each sub-

carrier k, it converges to a feasible solution for (5.9) within a fraction of a second, with the

optimization terminating when the convergence criterion is met, that is, when the relative

change in the objective function falls below 10−4, as demonstrated in the convergence graph

in Fig. 5.6.
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Convergence time = 0.1043 sec

Convergence criterion = 10-4

Figure 5.6: Convergence of Riemannian manifold minimization algorithm.
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Complexity Analysis

Assuming that the interior point method is used to solve the convex problem in (5.6), the

worst-case computational complexity is proportional to the cube of the number of real vari-

ables [123]. Since (5.6) involves N2
s real variables, its complexity is NelNazO(N6

s ). The

complexity of computing W 1,k in (5.8) and F1,k is K1O(NtxN
2
rx), while the complexity of the

Riemannian manifold minimization is J2O(4N2
txNs +3Ntx) [39], [159]. Therefore, the overall

complexity of the proposed method is O(NelNazN
6
s + 4J2N

2
txNs +K1NtxN

2
rx).

5.4.4 Extension to Multi-VSAT Scenarios

The solution to P presented in Sections 5.4.1 and 5.4.2, which leverages closed-form SVD and

Riemannian manifold optimization, demonstrates effective convergence for the single-VSAT

scenario (see Fig. 5.6). In practice, however, multiple VSATs often reside within the FoV of

a single LEO satellite. In these multi-VSAT settings, each VSAT independently executes the

ISAC-HO protocol to beamform sensing signals toward an approaching LEO satellite, using

orbital information provided by the serving LEO via a RRC-ISAC Reconfiguration message

(see Fig. 5.2).

A key challenge in this distributed environment is the selection of subcarriers for sensing

(J2) purpose. Unlike centrally managed communication subcarriers (K1), sensing subcar-

riers are chosen independently by each VSAT from a shared spectrum pool through the

proposed ISAC-HO algorithm, creating a risk of sensing collisions. Furthermore, applying

the P optimization distributively at each VSAT leads to several issues including uncoordi-

nated optimization, high computational complexity (O(NelNazN
6
s + 4J2N

2
txNs +K1NtxN

2
rx)

per VSAT), and poor adaptability to dynamic NTN channels. Similarly, a restrictive ap-

proach where each VSAT is limited to its own communication subcarriers for sensing is also

suboptimal, as it compromises both sensing accuracy and communication efficiency, thereby

limiting the achievable communication–sensing performance tradeoff.

While P is effective for single-VSAT operation, it lacks mechanisms for inter-VSAT col-

laboration, leading to potential collisions and degraded performance. Although centralized

coordination via the satellite is possible, it introduces significant signaling overhead and com-

plexity. To address this challenge, we propose a MADRL-based approach [36,168,169]. This

learning-based approach is well-suited to the stochastic radio environment and the physical

separation of VSATs. It enables learning in unknown environments through trial-and-error
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while mitigating prohibitive computational demands, and it efficiently handles complex dy-

namics and large state-action spaces [35, 36]. Crucially, it allows for decentralized execu-

tion while incorporating limited coordination during training via global feedback, enabling

agents to learn collaborative, collision-avoidant policies. This provides a scalable and adap-

tive solution that effectively complements the proposed optimization framework, as detailed

in Section 5.6.

5.4.5 Solution Quality and Feasibility

Although the proposed method leverages SVD and Riemannian manifold optimization to

efficiently solve sub-problems within P (see Fig. 5.5), the overall sequential optimization

approach remains heuristic due to the non-convex nature of the original problem, whose global

solution is computationally intractable. Nevertheless, the method yields a feasible, high-

quality sub-optimal solution whose performance approaches the theoretical upper bounds

(communication-only case), as illustrated in Fig. 5.13 of Section 5.7.2. Furthermore, all

constraints of P are guaranteed to be satisfied if the sensing threshold ϵ0 in (5.5f) is sufficiently

large. Having established the solution’s quality under ideal channel conditions, we now

analyze its robustness to imperfect CSI in the next section.

5.5 Impact of Imperfect CSI

The previous sections assume perfect CSI for ISAC system design, which is optimistic in

practice. Here, we propose a robust ISAC design that accounts for potential CSI estimation

errors. The imperfect channel can be modeled as [123]:

Ĥ1,k = H1,k +E, (5.11)

where Ĥ1,k is the imperfect channel estimation and E is the estimation error that is inde-

pendent of the true channel and its elements follow the distribution CN (0, Iσ2
e). Based on

(5.1) and (5.11), the UL signal received at the serving LEO satellite under imperfect CSI can
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be expressed as:

ỹ1,k =F̂H
1,k(Ĥ1,k −E)Ŵ1,ks1,k + F̂H

1,kn1,k (5.12)

=F̂H
1,kĤ1,kŴ1,ks1,k − F̂H

1,kEŴ1,ks1,k + F̂H
1,kn1,k,

where F̂H
1,k and Ŵ1,k are imperfect combiner and precoder, respectively, derived from Ĥ1,k

using the SVD-based method described in Section 5.4.2.

Let the SVD of the estimated channel be given by Ĥ1,k = Û1,kΛ̂1,kV̂
H
1,k. Based on this

decomposition, the imperfect precoder and combiner are constructed as Ŵ1,k = V̂1,k

a

PV/Ns

and F̂H
1,k = Û1,k, respectively. By substituting these into (5.12), the received signal can be

expressed as:

ỹ1,k = ÛH
1,kÛ1,kΛ̂1,kV̂

H
1,kV̂1,ks1,k

a

PV/Ns
loooooooooooooooooooooomoooooooooooooooooooooon

P̃D

− ÛH
1,kEV̂1,ks1,k

a

PV/Ns
loooooooooooooomoooooooooooooon

P̃I

+ ÛH
1,kn1,k

looomooon

P̃N

, (5.13)

where P̃D, P̃I, and P̃N represent the desired signal power, interfering signal power due to

imperfect CSI, and noise power, respectively.

Accordingly, the achievable SE under imperfect CSI can be expressed as:

η̃1,k = log2(det(INs + P̃D/(P̃I + P̃N))). (5.14)

By substituting P̃D and P̃I from Appendix B.1 into (5.14), we get:

η̃1,k = log2

´

det
´

INs +
PV ·Diag(λ̂1,k ⊙ λ̂1,k)

Ns(PVσ2
e + σ2

n)

¯¯

, (5.15)

where λ̂1,k denotes the singular values of Ĥ1,k.

Since a decomposition and sequential optimization approach is used to solve problem P,

the performance of the sensing component in the ISAC system is highly dependent on the

accurate covariance matrix, i.e., R2,k, while the performance of the communication subsystem

relies on the optimal precoding design based on perfect CSI, i.e., W 1,k (described in (5.8)).
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However, when the estimated CSI is imperfect, the problem P ′
2 is reformulated as:

P ′′
2 : min

{ ˜̂
W 1,k}k∈J2

ρ

J2

∑
k∈J2

∥ ˜̂W 1,k
˜̂
WH

1,k −R2,k∥2+

(1− ρ)

J2

∑
k∈J2

∥ ˜̂W 1,k − Ŵ 1,k∥2; s.t. (5.5e),

(5.16a)

where
˜̂
W1,k is the power-scaled beamforming matrix for the ISAC system under an estimated

imperfect CSI condition.

In the optimization problem P ′′
2 , we aim to optimize

˜̂
W 1,k with the objective function

being the weighted sum of both sensing and communication performance metrics. Although

˜̂
W 1,k is optimized to match the sensing covariance matrix, the resulting communication

beamformer may not align correctly due to the imperfect reference precoding vectors, i.e.,

Ŵ1,k. Since, in this case, we use F̂1,k = Û1,k as the combiner, the achievable SE expression

for ISAC subcarrier k modifies to:

η̃1,k = log2

´

det
´

INs +
ĤH

1,kĤ1,k
˜̂
W1,k

˜̂
WH

1,k

Ns(σ2
e∥

˜̂
W1,k∥2+σ2

n)

¯¯

. (5.17)

Note that the SE expressions in (5.15) and (5.17) assume that the estimation error E is

uncorrelated with Ĥ1,k, which is a reasonable approximation when σ2
e is not too large.

5.6 MADRL-based ISAC for Multi-VSAT Scenario

In this section, we consider a distributed MADRL-based ISAC (MADRL-ISAC) approach to

solve P when multiple VSATs within the footprint of the serving LEO satellite are active

simultaneously. Unlike the distributed ISAC optimization5.5, the distributed MADRL-ISAC

enables control over sensing decisions while maintaining decentralized execution. Specifi-

cally, during the offline training phase (which is generally executed on high-performance

cloud servers near the gateway), VSATs served by the same LEO satellite inform the central

node (see Fig. 5.7) of their sensing decisions by activating ISAC functionality at each time

step t. Based on these reports, the central node provides the respective VSAT with global

reward/penalty feedback. This limited exchange enables the proposed MADRL framework to

5.5The VSATs within the footprint of the serving LEO individually solve the ISAC optimization problem
formulated in Section 5.3, using the solutions provided in Section 5.4, without any form of collaboration.
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Figure 5.7: Distributed MADRL-ISAC for subcarrier selection in the multi-VSAT scenario.

be trained to proactively mitigate inter-VSAT sensing collisions while fulfilling the minimum

QoS requirements (i.e., minimum achievable SE ηmin and maximum tolerable sensing error

εth) under dynamic environmental conditions.

The MADRL-ISAC problem is formulated as a partially observable Markov decision pro-

cess, represented by the tuple ⟨V, st, {a(v)t }Vv=1, {r
(v)
t }Vv=1, {l

(v)
t }Vv=1, p, O⟩, where V = {1, 2, . . . ,

, v, , . . . , V} denotes the set of V agents, st ∈ S represents the global state at time step t, a
(v)
t is

the action taken by agent v, and r
(v)
t is agent v’s hybrid reward function, which will be defined

in Section 5.6.4. The term l
(v)
t denotes agent v’s local observation, p is the state transition

probability function, and O(·) is the observation mapping function. At each time step t, each

agent v receives a local observation l
(v)
t = O(st, v) and selects an action a

(v)
t ∈ A(v) based on

its policy π(v). After decentralized action execution, each agent v receives a hybrid reward

r
(v)
t . The environment (subcarrier selection) then transitions from state st to st+1 accord-
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ing to the transition probability p(st+1 | st, {a(v)t }Vv=1), which reflects the joint impact of all

agents’ actions. Subsequently, each agent v obtains a new observation of the environment,

given by l
(v)
t+1 = O(st+1, v). Each episode simulation will terminate when a maximum number

of time steps Imax is reached. The training continues for a total of Emax episodes.

Under partial observability, the state-value function for agent v is defined over its local

observation l
(v)
t as:

V (v)(l
(v)
t ) = Eπ(v),p

«

Z∑
z=0

γzr
(v)
t+z+1 | l

(v)
t

ff

, (5.18)

where Eπ(v),p denotes the expectation under policy π(v) and state transition probability p; Z ≜

min(Imax − t, T − t)− 1, with T ≤ Imax defines early termination when the QoS requirement

is not met5.6; and γ ∈ (0, 1] is the discount factor for future rewards.

Similarly, the action-value function (or Q-function) for agent v is defined with respect to

the local observation-action pair (l
(v)
t , a

(v)
t ) as:

Q(v)(l
(v)
t , a

(v)
t ) = Eπ(v),p

„ Z∑
z=0

γzr
(v)
t+z+1 | l

(v)
t , a

(v)
t

ȷ

. (5.19)

The goal of agent v is to learn an optimal policy π(v)⋆ that maximizes this Q-function. The

corresponding Bellman optimality equation [36] under partial observability is:

Q(v)⋆(l, a) = r(v)(l, a) + γEl′|l,armax
a′

Q(v)⋆(l′, a′)s, (5.20)

where l ≜ l
(v)
t , a ≜ a

(v)
t , l′ and a′ denote the next local observation and next action for agent

v, respectively. The optimal policy for agent v is given by π(v)⋆ = argmaxaQ
(v)⋆(l, a).

To balance exploration and exploitation, we employ the Epsilon-Greedy policy [168],

which is defined as:

π
(v)
ξ =


argmaxaQ

(v)⋆(l, a), with prob. 1-ξ,

a random action a, with prob. ξ,

(5.21)

where ξ ∈ [0, 1] is the epsilon rate, which is responsible for the trade-off between exploration

5.6A termination due to QoS violation occurs when the achievable SE η(v) falls below ηmin or the sensing
deviation ε(v) exceeds εth, where εth represents the maximum allowable average MSE between the desired and
the designed sensing beampatterns [159].
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and exploitation. Here, ξ = 0 indicates pure exploitation, while ξ = 1 pure exploration.

Therefore, for effective learning, ξ is typically initialized close to 1 and gradually decayed to

a small positive ξmin > 0.

5.6.1 Deep Q Network and Loss Function

Each agent v utilizes the deep neural network (DNN) to approximate the optimal Q-value

function Q(v)⋆ in (5.20). In the MADRL-ISAC model, the DNN part consists of five fully

connected layers, including input and output layers.

For a given experience tuple ⟨l(v)t , a
(v)
t , r

(v)
t , l

(v)
t+1⟩, the temporal difference error δ

(v)
t can be

written as:

δ
(v)
t =


r
(v)
t −Q(v)(l

(v)
t , a

(v)
t ; Θ), if l

(v)
t+1 is terminal5.5,

r
(v)
t + γmaxa′ Q

(v)(l
(v)
t+1, a

′; Θ−)

−Q(v)(l
(v)
t , a

(v)
t ; Θ), otherwise,

(5.22)

where Θ and Θ− are the deep Q network (DQN) and target network parameters for the agent

v.

To train the DQN model for agent v, the overall loss function L is set as:

L(v)(Θ) = E{l,a,r,l′}∈D(v) [L(δ
(v)
t )], (5.23)

where D(v) denotes the mini-batch of experiences sampled from agent v’s experience replay

memory, and L(δ
(v)
t ) is based on the Huber loss function and is defined as [170]:

L(δ
(v)
t ) =


1
2(δ

(v)
t )2, if |δ(v)t | ≤ δth,

δth · (|δ
(v)
t | − 1

2δth), otherwise,

(5.24)

where δth defines the threshold between quadratic and linear regimes. The Huber loss is used

for its robustness to outliers, like the mean absolute error, while retaining sensitivity to small

errors, similar to the MSE [170].
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5.6.2 States

The global state at time step t is given by st = {F (1)
t ,F (2)

t , . . . ,F (V)
t }, representing the

joint subcarrier selections of all V agents. Each agent v maintains a binary selection vector

F (v)
t ∈ {0, 1}K1 , where element f

(v)
t,k = 1 indicates that agent v selected subcarrier k in

time step t − 1. This results in a global state space of cardinality |S|= 2K1V, as each agent

independently selects among K1 subcarriers. It is important to note that channel conditions

and subcarrier collisions are part of the hidden state space, as they are not observable to

any agent, and that power levels are excluded from the state space because they are instead

considered within the action space.

5.6.3 Actions

For each time step t, each agent v selects a discrete transmit power level P (v) (in dB scale)

from the range [Pmin, Pmax], where Pmin is the minimum operational power (in dB scale) for

VSAT v, Pmax is the maximum allowable power (in dB scale), and ∆ is the fixed step size

(in dB scale) between adjacent power levels. Thus, the cardinality of the power-level action

space is |A(v)

P (v) |= Pmax−Pmin
∆ + 1. Likewise, the agent also selects a preferred combination

of subcarriers from the available set of K1 subcarriers. The cardinality of the subcarrier

selection action space is |A(v)
K1
|= 2K1 . Therefore, the total action space cardinality for agent

v is |A(v)|= |A(v)

P (v) |×|A
(v)
K1
|= (Pmax−Pmin

∆ + 1)× 2K1 .

5.6.4 Reward Function

The reward function for agent (VSAT) v is given as:

r(v) = η(v)(1− ε(v))
loooooomoooooon

Part I

−w1 × 10P
(v)/10

looooooomooooooon

Part II

− w2

∑
v′∈V\{v}

I[F (v) ∩ F (v′) ̸= ∅]
loooooooooooooooooomoooooooooooooooooon

Part III

− w3[max(0, ηmin − η(v))]− w4[max(0, ε(v) − εth)]
looooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooon

Part IV

+ w5

∏
v′∈V\{v}

I[F (v) ∩ F (v′) = ∅]
loooooooooooooooooomoooooooooooooooooon

Part V

,

(5.25)
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where I[·] denotes the indicator function, which returns 1 if the condition is true, and 0 oth-

erwise; Part I presents the reward based on achieved SE (η(v)) and sensing error (ε(v)) for

proposed ISAC design whose solution is provided in Section 5.4; Part II penalizes excessive

power usage; Part III imposes a penalty for sensing collisions to actively discourage multiple

agents from selecting the same sensing spectrum simultaneously; Part IV enforces QoS con-

straints for communication and sensing; and Part V introduces a collision-mitigation bonus

that rewards an agent only when all agents, including itself, select completely non-overlapping

sensing spectrum. This bonus directly incentivizes the multi-agent system to learn a globally

coordinated, collision-free policy. The weight factors w1 to w5 balance the contributions of

rewards, penalties, and bonuses in the overall reward function and can be determined through

a trial-and-error mechanism.

5.6.5 Training Complexity

The computational complexity to train the proposed MADRL-ISAC algorithm is given by

O(EmaxImax
∑V

v=1D
(v)

∑l
(v)
c
l=1 n

(v)
l−1n

(v)
l ), where n

(v)
l is the number of neurons in the l-th layer

of agent v’s neural network, with n
(v)
0 representing the input dimension and n

(v)

l
(v)
c

representing

the output dimension. The output dimension depends on the size of action space |A(v)|,

which increases exponentially with the increase in subcarriers K1
5.7. The term D(v) ≜ |D(v)|

denotes the batch size for agent v, and l
(v)
c is the number of DNN layers in its network.

While larger D(v) linearly increases the cost per iteration, it often yields more stable gradient

estimates and can reduce the required episodes Emax for convergence, representing a key

training trade-off.

5.6.6 Inference Deployment for Testing Phase

Once the agents of the MADRL-ISAC model are well-trained in offline mode, their cor-

responding inference models are deployed to the respective VSATs via the serving LEO

satellite. During the testing phase, the central node used solely for computing the global

reward during training is no longer required. Each agent makes decisions locally based on its

pre-trained policy. The exploration parameter (ξ) is set to zero, disabling exploration and

enforcing purely exploitative behavior.

5.7This exponential relationship makes the training process computationally expensive for large K1.
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5.7 Performance Evaluation On Realistic Simulation Param-

eters

5.7.1 Network Modeling and System Parameters

The LEO satellite network is modeled in MATLAB using the satelliteScenario object,

based on orbital parameters of the Starlink satellites LEO-31666 and LEO-5352 located in

adjacent orbital planes [171]. In this setup, a VSAT in New York City, within the FoV of

LEO-31666, communicates with it (green link) while simultaneously transmitting a sensing

signal (grey link) toward the approaching LEO-5352, in order to establish a communication

link with LEO-5352 at time t0 for ISAC-HO, as illustrated in Fig. 5.8.

As described in Section 5.2.1, the wireless channel for the NTN is modeled using Rician

fading with large-scale fading [123], capturing both deterministic line-of-sight (LoS) and non-

line-of-sight (NLoS) components. The channel gain for subcarrier k of the NTN link, denoted

by g1,k, is expressed as g1,k =
a

β1,k ĝ1,k, where the large-scale fading term β1,k =
G1GVλ2

1,k

(4πd1)2

accounts for the free-space path loss and antenna gains, wherein, G1 and GV denote the an-

tenna gains of the serving LEO and the VSAT terminal, respectively, d1 is the instantaneous

slant range between them, and λ1,k is the wavelength corresponding to subcarrier k. The

small-scale fading component ĝ1,k is modeled as ĝ1,k =
a

Ω1,k

´

hLoS
b

κ1
κ1+1 + hNLoS

b

1
κ1+1

¯

,

where Ω1,k = E{|ĝ1,k|2}, κ1 represents the Rician factor, hLoS is the deterministic LoS com-

ponent, and hNLoS captures the NLoS scattering. Consequently, the real and imaginary parts

of ĝ1,k are independently and identically distributed as N
´

b

κ1Ω1,k

2(κ1+1) ,
Ω1,k

2(κ1+1)

¯

.

The simulations are performed for 16×64 MIMO-OFDM ISAC system. In accordance with

3GPP Release 18 [24] for direct-to-device services, an S-band carrier frequency (fc = 2 GHz)

is used for the service link, and atmospheric losses are neglected, as they are negligible below

6 GHz [145]. The VSAT, equipped with UPA, utilizes K1 = 8 subcarriers. The frequency of

the k-th subcarrier is given by f1,k ≜ fc + (k − 1)b1,k, where fc is the carrier frequency and

b1,k is the subcarrier spacing. The array elements are spaced at c
2.4f1,K1

, where c ≈ 3 × 108

m/s is the speed of light. This configuration generates a directional 3D beampattern focused

on LEO-5352 (79◦ elevation, −82◦ azimuth) for sensing at t0. All remaining simulation

parameters related to tasks, system configuration, and channel characteristics are summarized

in Table 5.2.
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5.7.2 Single VSAT Scenario: Optimization Based Approach

Figure 5.8: Realistic simulation scenario under single-VSAT condition.

Table 5.2: Simulation Parameters for ISAC

Parameters Value

Serving and approaching LEOs, M 2
VSAT antennas, Ntx 4× 4
LEO satellite antennas, Nrx 8× 8
Serving LEO subcarriers, K1 8
Approaching LEO target, [θ2, ϕ2] [79◦,−82◦]
Carrier frequency, fc 2 GHz
Total UL bandwidth, B∑ 100 MHz

SNR [6 – 14] dB
Noise spectral density, N0 -203.9772 dBW/Hz

Using the simulation parameters summarized in Table 5.2, we average results over 100

channel realizations and compare with the following baselines:

• DSAC Design: Allocates separate subsets of antenna elements and system power for

simultaneous sensing and communication [39], enabling the application of the proposed

ISAC-HO protocol.

• TD-SAC Design: Fully allocates all antenna elements and system power in alternating

time slots for either sensing or communication [164], restricting the system to conven-

tional HO protocol.

• Conventional ISAC Design: Utilizes all antenna elements and system power jointly for

simultaneous sensing and communication across all subcarriers [158,166], enabling the

application of the proposed ISAC-HO protocol.
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Figure 5.9: 3D desired beampattern design for ISAC scheme.

Figures 5.9 and 5.10 show the 3D and 2D views, respectively, of the desired target beam-

pattern B2, generated based on the above-mentioned antenna element configuration, de-

signed for sensing an approaching LEO satellite. As illustrated in Fig. 5.10, the half-power

beamwidth (HPBW) of the target beampattern for the proposed design, denoted as δProp.,

is 16◦, achieved through the full utilization of antenna elements for sensing. In contrast,

the HPBW for the DSAC design, δDSAC, is nearly twice as large, as the DSAC architecture

partitions the antenna elements between sensing and communication. The resulting broader

beamwidth reduces the suitability of the DSAC design for approaching LEO satellites, given

the inverse relationship between beamwidth and directivity, where a narrower beam is es-

sential for high-precision target sensing. It is also worth noting that both the TD-SAC and

conventional ISAC designs can achieve an HPBW comparable to that of B2, provided all

antenna elements are allocated for sensing.

Fig. 5.11 presents the 2D beampatterns on a linear scale, generated by the proposed ISAC

design with J2 = {2, 6} for the intelligent ISAC-HO scenario, compared to the conventional

ISAC design with J2 = K1, for ρ = {0.25, 0.5}. Despite utilizing a reduced number of sub-

carriers, the beampattern generated by the proposed ISAC scheme effectively approximates

the desired beampattern and performs comparably to the conventional ISAC approach. The

main lobes are successfully steered towards the direction of the approaching LEO satellite,
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Figure 5.10: 2D desired beampattern design for ISAC and DSAC
schemes.

-100 -80 -60 -40 -20 0 20 40 60 80 100

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Figure 5.11: 2D beampatterns from proposed and conventional ISAC
schemes.

while the sidelobes remain within acceptable deviation from the desired pattern. Although

the proposed design shows slightly higher normalized mean-squared error deviation than the

2D beamforming methods in [39, 159, 166], this is attributed to the increased complexity of
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Figure 5.12: 3D beampattern with proposed ISAC scheme (ρ = 0.5,
J2 = 6).
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Figure 5.13: Achievable spectral efficiencies of the proposed & refer-
ence schemes with ρ = {0.25, 0.5} & J2 = {2, 4, 6}.

designing R2,k for 3D beamforming that simultaneously satisfies both elevation and azimuth

dimensions. Consequently, the impact of ρ is not clearly visible in Fig. 5.11 because the 2D

projection cannot represent the complete 3D beamforming optimization performed by R2,k.
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While ρ jointly influences both elevation and azimuth dimensions in the full spatial design,

its effects become more distinguishable in conventional 2D beamforming as in [159].

Fig. 5.12 depicts the 3D beampattern of the proposed ISAC design for ρ = 0.5 and

J2 = 6. The figure confirms that the main lobe is accurately directed toward the approach-

ing LEO satellite, and the resulting beam pattern closely approximates the desired reference

in Fig. 5.9, despite noticeable sidelobe deviations. Although the radiation pattern to sense

approaching LEO specifies around 20 dB sidelobe suppression requirement, the implemented

design achieves only 4 dB suppression. This performance gap is attributed to the inherent

trade-off between communication and sensing beamforming objectives, as well as the lim-

itation introduced by employing a 2D covariance matrix in the synthesis of the 3D ISAC

radiation pattern.

Fig. 5.13 illustrates the SE of the proposed ISAC scheme with baseline methods for

various SNRs with ρ = {0.25, 0.5} and J2 = {2, 4, 6}. The proposed design approaches the

SE upper limit (theoretical communication-only limit) with minimal subcarrier allocation for

sensing, outperforming both DSAC and TD-SAC. In particular, TD-SAC, which supports

break-before-make HOs, is highly sensitive to HO dynamics and performs reliably only when

HO interruptions are short (e.g. τHO < 1 s) compared to the periodic network reconfiguration

interval (e.g., ∆ = 15 s in LEO systems such as Starlink) [152], [153]. However, this is often

not the case in large-scale NTN deployments, and its performance deteriorates under longer

or more frequent HOs. As reported in [153], throughput measurements from the Starlink

Standard dish show that the network reconfiguration process alone can cause approximately

9% packet loss. In contrast, the proposed ISAC-HO design employs a make-before-break

strategy, eliminating packet loss during successful HOs.

The proposed system operates dynamically, using the ISAC framework only during the

brief HO transition to ensure seamless connectivity. Once the HO is complete, it switches to

a communication-only mode, as illustrated by the proposed ISAC-HO protocol in Fig. 5.2.

As expected, the proposed scheme’s SE degrades as the number of subcarriers increases,

eventually converging with the conventional ISAC design when all subcarriers are utilized

for both communication and sensing (J2 = K1). Furthermore, the proposed design achieves

better SE at low ρ, but it degrades as ρ increases. At higher ρ, more emphasis is given to the

sensing in the proposed ISAC scheme, and the achieved 3D beampattern shown in Fig. 5.12

exhibits only 4 dB sidelobe suppression. This leads to power spillage at high SNR, which
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reduces SE. This effect is more noticeable in the conventional ISAC design.

5.7.3 Multiple VSAT Scenario: MADRL Based Approach

Figure 5.14: Realistic ISAC simulation scenario under multi-VSAT conditions.

To evaluate the performance of the MADRL-ISAC model introduced in Section 5.6, we

consider a multi-VSAT scenario illustrated in Fig. 5.14. In this setup, multiple ISAC-assisted

VSATs are concurrently served by the same LEO satellite, i.e., LEO-31666, while simulta-

neously transmitting sensing signals to the approaching satellite, i.e., LEO-5352, which is

located in an adjacent orbit, to enable intelligent ISAC-HO.

We consider a total of K = 6 available subcarriers5.8 , with three VSATs served by the

same LEO satellite (LEO-31666), namely, VSAT-1, VSAT-2, and VSAT-3. Each of the three

VSATs (or agents) is orthogonally allocated a distinct set of subcarriers by the current serving

LEO to establish a communication link without interference. For simplicity, subcarrier indices

{1, 2}, {3, 4}, and {5, 6} are allocated to VSAT-1, VSAT-2, and VSAT-3, respectively, with

equal bandwidth. The subcarrier indices to be allocated for sensing jointly, based on our

proposed ISAC design for the multi-VSAT scenario, are determined by the MADRL-ISAC

model. The remaining simulation parameters for the proposed MADRL-ISAC model are

summarized in Table 5.3. The performance of the model in terms of convergence, as well as

system-level metrics such as collision rate, SE, sensing accuracy, and power consumption, is

presented in the following subsections.
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Table 5.3: Simulation Parameters for MADRL-ISAC

Parameters Value

Sensing direction (elevation) from V VSATs [79◦, 88◦, 76◦ ]
Sensing direction (azimuth) from V VSATs [−82◦, −75◦, −75◦ ]
Training episodes, testing episodes 1–500, 501–600
Agent v total actions, |Av| 320
Operating power of VSAT, [Pmin, Pmax] [6, 14] dBW
Power step, ∆ 2 dBW
Max. iteration (Imax), discounted factor (γ) 100, 0.9
Min. SE (ηmin), max. allowable sensing error (εth) 8 [bps/Hz], 0.06
DQN learning rate, α 0.0001
DQN activation functions, optimizer ReLU, Linear, Adam
Reward weight factors, [w1 – w5] [0.5, 5, 10, 10, 15]
Epsilon rate (ξ), min. epsilon (ξmin) 0.995, 0.15

Convergence

We herein present the training and testing performance of the trained MADRL-ISAC model.

The first 500 random channel realizations are used during the training phase, while the

random channels with indices from 501 to 600 are used for testing.

Fig. 5.15 presents the total reward as a function of the number of training episodes for all

three agents (or VSATs). The moving average reward for each agent increases as the number

of training episodes increases. This suggests that the number of iterations within each episode

is sufficiently high, indicating that QoS violations occur only after several iterations, which

signifies that agents are effectively learning. After a certain number of training episodes,

the moving average of the total reward for all agents stabilizes, following a similar pattern.

However, it does not converge to a single value due to the fluctuating nature of the radio

channel and potential subcarrier collisions, which are influenced by the distributed nature

of the training. The moving average reward curves for all agents are nearly identical, as

they operate within the footprint of the same serving LEO, and the collision information is

incorporated into the reward function, as described in (5.25).

Fig. 5.16 shows the test performance of the trained MADRL-ISAC model. During the

testing phase, the exploration parameter ξ is set to 0, enabling pure exploitation based on

the trained policy (i.e., no exploration). Accordingly, the value of Imax is set to 1, meaning

that each episode corresponds to a single time step t. The total reward versus episode

5.8The number of subcarriers K is not a practical assumption due to the massive computational cost involved
in training MADRL-ISAC. According to 3GPP standard Rel. 18 [24], there can be a total of 132× 12 = 1584
subcarriers in a 100 MHz bandwidth for NTN, assuming each subcarrier has a bandwidth of 60 kHz.
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Figure 5.15: MADRL-ISAC model performance during training.
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Figure 5.16: MADRL-ISAC model performance during testing.

graph in Fig. 5.16 reflects consistent state decisions that maximize system-level performance.

The selected subcarriers for sensing by VSAT-1, VSAT-2, and VSAT-3 are {5}, {6}, and

{1, 2}, respectively5.9. Despite identical state outputs, the total rewards vary across test

episodes due to the stochastic nature of the radio channel. The evaluation of each agent’s

test performance employs the same formulation as the training reward function in (5.25),

where the calculated metric depends on individual SE, sensing accuracy, power consumption,

and QoS satisfaction. The coordinated subcarrier selection emerges from the trained policy,

which inherently avoids subcarrier collisions through the learning process. The variation in

the evaluated test performance across different VSAT agents reflects their distinct channel

5.9This is because the proposed ISAC system model in (5.5) does not account for interference between
communication and sensing signals, and a similar realistic simulation environment is illustrated in Fig. 5.14.
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conditions and operational constraints while maintaining effective coordination. The impact

of the model on overall system performance is further discussed in the following subsections.

Collision Rate
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Figure 5.17: Collision rate achieved by the MADRL-ISAC model.

Fig. 5.17 depicts the collision performance of the MADRL-ISAC model during the training

and testing episodes. In the early training episodes, the collision rate is high, i.e., between

80% and 100%. However, as the model learns through the Epsilon-Greedy policy over more

training episodes, the collision rate reduces to less than 50%. Notably, the simulation results

for the testing phase show that the fully trained policy achieves a zero-collision rate. This

outcome occurs because each agent has learned to select a distinct set of subcarrier indices for

sensing. Specifically, the test results indicate that the sensing subcarriers for VSAT agents

1–3 are {5}, {6}, and {1, 2}, while their communication subcarriers are {1, 2}, {3, 4}, and

{5, 6}, respectively, ensuring no overlap and thus eliminating collisions.

Spectral Efficiency and Sensing Accuracy

Fig. 5.18 illustrates the performance of the trained MADRL-ISAC model in terms of the sum

SE and the sum sensing error. As seen, both metrics improve with an increase in training

episodes, fulfilling the QoS bounds. The test results indicate that the sum SE achieved by
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Figure 5.18: Sum SE and sensing error achieved by the MADRL-ISAC
model.
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the MADRL-ISAC approach is approximately 40% higher than that of the distributed ISAC

optimization-based approach. In the latter, each VSAT selects sensing subcarriers from its

own communication subcarrier set to avoid collisions. We allocate 50% of each VSAT’s com-

munication subcarriers for sensing to ensure minimal degradation of the communication link.

In terms of sensing performance, the distributed ISAC optimization-based approach signifi-

cantly outperforms MADRL-ISAC, achieving approximately 82% performance improvement.

However, this improvement is largely attributed to higher transmit power. Specifically, the

MADRL-ISAC model used a sum power level of 15.073 dBW during testing episodes, whereas

the distributed ISAC optimization-based approach used the maximum available power budget

of 18.77 dBW (see Fig. 5.19).

Power Consumption

Fig. 5.19 portrays the sum power used by the MADRL-ISAC model during both training and

testing episodes. In the early training episodes, a high sum power of 16.06 dBW is consumed.

However, as the model learns in the later stages of training, power consumption decreases

to a comparatively lower level of 14.97 dBW, which represents a reduction of approximately

22% (in linear scale). During the test phase, the MADRL-ISAC model utilized a total

VSAT transmit power of 15.073 dBW, with VSAT agent 1 consuming 8 dBW, VSAT agent

2 consuming 12 dBW, and VSAT agent 3 consuming 10 dBW. The variation in power levels

among VSAT agents resulted from their individual training outcomes based on the reward

function in (5.25). Each agent made independent decisions without collaboration, guided by

its learned policy, to achieve better joint communication–sensing performance while using

an appropriate power level compared to the distributed ISAC optimization-based approach,

which required a total VSAT power budget of 18.77 dBW, where each VSAT utilized the

maximum available power of 14 dBW. This reduction of approximately 20% in VSAT transmit

power demonstrates the efficiency of the MADRL-ISAC approach, which not only conserves

energy in GTs but also supports scalability and sustainability for large-scale NTNs.

5.7.4 Impact of Imperfect CSI

Based on the analysis in Section 5.5, this section presents simulation results that evaluate

the impact of imperfect CSI on the achievable average SE and the 2D sensing beampattern,

for both the communication-only and ISAC scenarios.
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Fig. 5.20 depicts the impact of CSI estimation error variance (σ2
e) on the average SE of

both communication-only and various ISAC designs. For σ2
e > 10−3, a significant degradation

in SE is observed across all schemes. As expected, the proposed ISAC design performs

slightly worse than the communication-only scenario under imperfect CSI, with additional

degradation as the number of sensing subcarriers increases due to the complexity of joint

communication and sensing. Among the ISAC schemes, the conventional design exhibits

the largest performance loss. Despite this SE degradation, Fig. 5.21 shows that the sensing

performance remains nearly identical to the perfect CSI case in Fig. 5.11, showing negligible

variation in the main lobe’s HPBW, accurate beam pointing toward the target (approaching

LEO), and comparable sidelobe suppression.

5.8 Summary

In this chapter, an ISAC design for 3D beamforming was proposed to support ISAC-HOs in

LEO satellite networks. It demonstrated flexibility in subcarrier selection, ensuring accurate

sensing of approaching LEO satellite while utilizing all available subcarriers to maximize

communication performance with the serving LEO satellite. Simulation results validated that

reliable sensing beampatterns could be achieved with a reduced number of subcarriers, while

communication performance was significantly improved compared to baseline approaches,

provided that HOs are frequent.

Moreover, the MADRL-ISAC design was proposed to enable ISAC in a multi-GT envi-

ronment, where multiple GTs concurrently request ISAC services. Simulation results demon-

strated that the proposed design outperforms the distributed ISAC approach by achieving

approximately 40% higher sum SE, while consuming 20% less total power and satisfying

sensing QoS requirements without any collision incidents during testing. Furthermore, the

robustness of the proposed ISAC design was demonstrated under imperfect CSI.
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Chapter 6
Conclusions and Future Work

This chapter presents the main conclusions of the thesis and suggests potential directions for

future research.

6.1 Main conclusions

In recent years, there has been a massive deployment of NGSO satellites, mostly driven by

the goal of providing global direct-to-cell and broadband services, with a particular focus on

serving remote and challenging geographical terrains, such as isolated islands, open ocean

areas, and mountainous regions, as well as supporting rescue and planning operations in

disaster-prone or conflict-prone zones. Unlike airborne NTNs, NGSO satellites experience

minimal atmospheric drag, and compared to GEO systems, they provide lower propagation

latency and reduced path loss due to their closer proximity to Earth. However, NGSO

satellites face several challenges, such as brief serving durations per orbital pass at the specific

location, frequent HO requirements for service continuity, and so on, due to their inherent

characteristics, such as high orbital velocity, non-geostationary nature, and relatively smaller

FoV. To support the IMT-2030 vision of ubiquitous connectivity and meet its KPIs for 6G

networks, this thesis has focused on LEO satellite networks, a critical subset of spaceborne

NTNs that offer superior propagation latency and path loss compared to MEO and GEO

satellites. The work addresses key challenges associated with LEO systems while aiming

to meet IMT-2030’s performance targets by leveraging emerging 6G technologies, including

ISAC and AI. In addition, a mechanism for evaluating the near-real-time KPIs of a deployed

system has been proposed. The main contributions of this work are summarized as follows:
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• Chapter 2 developed a framework to automatically evaluate near real-time KPIs in

terms of the received data rate. This framework leverages modern software tools and

was validated using PCAP files containing UDP/IP streams generated from SES’s DVB-

NIP system, for both unicast and multicast scenarios. It can also directly operate

on live UDP/IP streams. The KPI results generated by this tool closely matched

those obtained through manual packet analysis tools such as Wireshark, confirming its

accuracy and reliability. This framework significantly facilitates the debugging process

in near real-time and streamlines the R&D process.

• Chapter 3 proposed the FLARE-LEO framework to address RRM in LEO satel-

lites by leveraging their advanced fully regenerative payload capabilities. This frame-

work jointly designs spot beam coverage, adaptive beamforming, caching, multicasting,

multiuser precoding, and dynamic bandwidth/power allocation, which significantly en-

hances user-centric data rates, reducing end-to-end downlink content delivery latency.

To address the limited serving time of LEO satellites, novel HO strategies were devised

with low communication and signaling overhead. These strategies utilize ISLs and oper-

ate independently of GWs during live transmission, ensuring seamless integration with

the proposed framework. The key innovations include adaptive beamforming and an

optimal precoding technique that outperforms conventional methods, along with col-

laborative HO mechanisms that improve the effective data rate compared to non-HO

scenarios. Moreover, the robustness of the proposed framework was validated under im-

perfect CSI. Simulation results demonstrated that the proposed framework can deliver

a total of 45 Gb to 45 users within a LEO footprint of 578 km radius in 20 seconds, us-

ing a 100 MHz bandwidth, under a non-HO scenario and assuming perfect CSI with all

requested content pre-cached on-board. This corresponds to a remarkable system-level

SE of 22.5 bps/Hz, closely approaching the projected IMT-2030 6G benchmarks.

• Chapter 4 presented a conceptual three-tier SaaS framework to support on-demand

critical EO services such as disaster forecasting, 2D/3D scene observation, route find-

ing, and rescue operations using satellite imagery/video data. By distributing tasks

partially and in parallel across SAGIN nodes, the framework significantly reduced the

worst-case service completion time through optimal utilization of computational and

communication resources, outperforming baseline approaches. The design incorporated
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core task offloading parameter tuple, such as EO data size, output size, computational

requirements, and maximum tolerance time for service delivery. Moreover, the chapter

outlined methods for delivering task results during HOs across different Earth beam

configuration scenarios and demonstrated the robustness of the proposed framework

under imperfect CSI.

• Chapter 5 tackled the challenge of break-before-make HO scenario in LEO satellite

networks, by introducing an intelligent make-before-break ISAC-HO scheme to support

the IMT-2030 vision of seamless connectivity. This scheme utilizes flexible subcarrier

allocation for joint communication and sensing, allowing ISAC-assisted GT to perform

3D beamforming toward an approaching LEO satellite for sensing, without significantly

degrading communication with the currently serving LEO. To ensure the scalability of

the proposed scheme, it was further extended to support multiple GTs using a MADRL

framework, enabling efficient operation in dynamic multi-user environments. The chap-

ter also demonstrated the robustness of the proposed HO scheme under imperfect CSI.

6.2 Future Works

This dissertation addressed some of the fundamental challenges in LEO satellite systems,

including path loss, propagation delays, channel estimation, and short serving periods. It

did this through a mix of theoretical frameworks, algorithm development, and simulation-

based evaluations. The research explored several advanced techniques, such as caching, task

offloading, multicasting, adaptive beamforming, MIMO, precoding design, ISAC, DL, and

MADRL, to enhance the performance of the LEO satellite system. Moreover, key optimiza-

tion approaches such as SCA, BnB, and Riemannian manifold optimization were also applied

to efficiently exploit the resources of the LEO satellite system. To evaluate the performance

of a deployed system (DVB-NIP), an automated tool was developed to assess the mean data

rate in near real-time. The results in this thesis show that the suggested architectures and

resource management strategies work well. They also highlight opportunities for future stud-

ies to build upon these contributions. The next section outlines several potential directions

for future research.

• Full-Fledged Automated DVB-NIP Packet Analyzer Tool Development: In

Chapter 2, an automated framework is developed to evaluate the DVB-NIP system
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in real-time, which currently supports only the assessment of the received mean data

rate. To extend this work into a full-fledged automated packet analyzer tool, it is

essential to incorporate features that can automatically display a comprehensive list

of announced and received files, transmission characteristics, carousel cycles, streams,

periods, live stream latency, multicast transport sessions, bootstrap streams, signaling

files, the validity of parameters in the manifests, and the achieved data rate. This tool

should offer more advanced monitoring capabilities than those currently provided by

Wireshark, including automated visualizations and alerts, in near real-time, accessible

via a dynamic web application or Android software.

• Efficient On-board Cache Content Placement and Delivery Strategy in Mega

Constellations of LEO Satellite Networks: In Chapter 3, only the cache delivery

strategy from a fully regenerative payload-enabled LEO satellite was considered. A

possible future extension of this work could be the joint optimization of cache con-

tent placement and delivery strategies, leveraging recent advancements in AI and novel

optimization techniques. This approach would account for the dynamic topology of

LEO constellations, time-varying user demand (in terms of both data volume and con-

tent type), and the on-board computational and radio resource constraints inherent in

mega constellations of LEO satellite networks. The ultimate goal would be to maintain

content freshness dynamically in response to evolving user requirements.

• Interplay of AI, Blockchain/Quantum, Optimization Techniques, and Open-

Source Container Orchestrators for Resource Management in SAGINs to

Enable a SaaS Platform for On-Demand Task Computation and Delivery:

In Chapter 4, computational resources across SAGIN were allocated to perform on-

demand EO-based tasks on-board and to optimize downlink user-centric delivery band-

width while returning task results. A possible future extension of this work could

involve the dynamic allocation of radio resources such as power, bandwidth, and cover-

age areas, as discussed in Chapter 3, as well as computational resources across SAGIN

nodes, using AI and novel optimization techniques. This would also include the opti-

mization of ISL and feeder links, taking into account backlogs of uncompleted tasks.

Furthermore, emerging technologies such as blockchain or quantum computing could

be explored to enhance EO data protection and privacy. The practical validation of
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the proposed framework could be undertaken using a testbed built on an open-source

container orchestration platform, such as Kubernetes, capable of both horizontal and

vertical scaling.

• Communication-Efficient Federated Learning for LEO Constellations to Train

EO Imagery: As discussed in Chapter 4, the practical benefits of a SaaS platform can

be realized through EO-based services, including scene observation, route planning, and

object detection. To support real-time inference for these services, AI model training

must be conducted on-board satellites while taking into account the communication,

computation, and non-geostationary constraints of LEO constellations. In this context,

one of the promising research directions is on-board federated learning, which enables

heterogeneous devices to collaboratively train AI models without sharing raw data,

thereby preserving data privacy and reducing communication overhead.

• AI and Reconfigurable Intelligent Surfaces (RIS)-Assisted ISAC for Intel-

ligent HO Design in Mega-LEO Constellations: In Chapter 5, the intelligent

ISAC-HO design was presented for the single-target case. To build upon this work,

future research should investigate multi-target tracking and ISAC beamforming opti-

mization, enabling GTs to simultaneously track multiple LEO satellites while minimiz-

ing mutual interference between communication and sensing functions. The integration

of RIS could enhance weak echo signals from distant LEO targets, thereby improv-

ing sensing reliability. Additionally, more scalable learning-based approaches should

be investigated to reduce the computational complexity of training the MADRL-ISAC

model, especially in large-scale network settings.
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Appendix A

A.1 Proof of Proposition 3.1 in Chapter 3

Consider a function g(u, v) in R2
+. The Hessian of g(u, v) = u log(1+ v/u) is given as follows:

Hg =

»

—

—

–

−v2

u(u+ v)2
v

(u+ v)2
v

(u+ v)2
− u

(u+ v)2

fi

ffi

ffi

fl

(A.0.1)

For arbitrary vector x = [p q]T , we can calculate xTHgx = − (pv−qu)2

u2(u+v)2
, which is always

non-positive. This implies that the function u log(1 + v/u) is concave in its supports. From

(3.29), we can write RDC,ZF
1,k,a,m = Φg(ÎHO

agg b1,a,m, x1,k,a,m)/ÎHO
agg , which completes the proof of

Proposition 3.1.
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Appendix B

B.1 Signal and Interference Power Analysis for Imperfect CSI

(for Chapter 5)

B.1.1 Desired Signal Power

Following (5.13), the desired signal power P̃D is derived as:

P̃D = Es{||
c

PV

Ns
ÛH

1,kÛ1,kΛ̂1,kV̂
H
1,kV̂1,ks1,k||2} (B.0.1)

= (PV/Ns) · trpEs{pΛ̂1,ks1,kq× pΛ̂1,ks1,kq
H}q

= (PV/Ns) · trpΛ̂1,kEs{s1,ksH1,k}Λ̂H
1,k}q

= (PV/Ns) · trpλ̂1,k ⊙ λ̂1,kq

where, λ̂1,k ≜ {λ̂i
1,k}

Ns
i=1 = diag(Λ̂1,k) denotes the singular values of Ĥ1,k, which are sorted

in descending order, i.e., λ̂1
1,k ≥ λ̂2

1,k ≥ . . . ≥ λ̂Ns
1,k.
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B.1.2 Interfering Signal Power

The interfering signal power P̃I is derived as:

P̃I = Ee,s{||ÛH
1,kEV̂1,ks1,k

a

PV/Ns||2} (B.0.2)

= PV/Ns · trpEe,s{pÛH
1,kEV̂1,ks1,kqpÛH

1,kEV̂1,ks1,kq
H}q

= PV/Ns · trpEe{ÛH
1,kEV̂1,kEs{s1,ksH1,k}V̂ H

1,kE
HÛ1,k}q

= PV/Ns · trpÛH
1,kEe{EEH}Û1,kq

= σ2
ePV/Ns · trpÛH

1,kÛ1,kq

= σ2
ePV
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