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Abstract

The beyond 5G (B5G) networks are envisaged to provide terra bps data rates and ubiquitous
and unlimited wireless coverage. However, the terrestrial deployment of 5G networks
poses a limitation in achieving a truly ubiquitous and seamlessly connected network. To
this end, it has been proposed to integrate terrestrial networks (TNs) with non-terrestrial
networks (NTNs), such as satellite communications, high-altitude platforms and low-altitude
platforms. NTNs are characterised by wide coverage and less vulnerability to physical
attacks and natural disasters, and hence, will complement TNs in providing ubiquitous
wireless connectivity and enhanced broadband services to unserved and underserved areas.
In addition, NTNs will provide network resilience to physical attacks and natural disasters,
improve the quality of service (QoS) for overloaded TNs, and enhance service continuity for
moving platforms. Consequently, the B5G network will be an integrated terrestrial and non-
terrestrial network (ITNTN) consisting of multiple radio access networks (RANs) coexisting
to provide radio access to multi-mode user equipment. This thesis addresses the problem of
efficient user association and resource allocation in the ITNTN.

The RANs in the ITNTN have different capabilities and limitations in meeting the

envisioned B5G contrasting user requirements such as throughput, latency, and mobility.
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Therefore, determining an optimal association and resource allocation scheme that maps the
heterogeneous users to the appropriate RANs while at the same time maximising resource
utilisation, and providing the required user QoS, is rigorous and complex. Besides, such co-
existence of the different RANs implies an increase in the number of wireless access nodes and
thus raises a justifiable concern over the drastic increase in energy consumption and carbon
emission expected to ensue. Accordingly, there is a need to develop efficient radio resource
management (RRM) algorithms for the ITNTN that consider not only the heterogeneity
in user QoS requirements but also the uniqueness of the different RANs in meeting these
demands.

To this end, this research aims at developing efficient RRM schemes that achieve a
spectrum-efficient and energy-efficient ITNTN while minimising mobility-induced handoffs.
RRM takes the form of user association and resource allocation in this work. First, the
research formulates the user association and resource allocation problem in the ITNTN as a
multi-objective optimisation problem (MOOP) that jointly maximises the total data rate of
the ITNTN while minimising the probability of mobility-induced handoffs. The problem is
subjected to constraints on the resource budget and minimum user QoS requirements in terms
of data rate. Moreover, the problem is formulated to allow differentiated service provisioning
and priority-based user association and resource allocation, thus prioritising mission-critical
users’ service provisioning. The weighted sum method is adopted to simplify and transform
the MOOP into a single-objective optimisation problem (SOOP). The SOOP’s complexity is
reduced by decomposing it into two sub-problems: the user association sub-problem and the

resource distribution sub-problem. A service-aware greedy heuristic algorithm is proposed

XV



to solve the user association sub-problem and its performance compared to the service-
unaware scheme. Simulation results reveal that the service-aware algorithm achieves higher
overall network spectrum efficiency (SE), user acceptance ratio (AR), and lower handoff
probability. Furthermore, the resource distribution sub-problem is reformulated into a water-
filling problem and solved utilising CVXPY, consequently analysing the effect of distributing
the unallocated basic bandwidth units to the associated users.

Second, since the greedy heuristic solution to the user association sub-problem does not
ordinarily produce an optimal solution, the work further proposes a polynomial-time solution
based on the genetic algorithm (GA). The performance of the GA is evaluated by comparing
it to the ILP solution, the greedy heuristic solution, and the random user association (RUA)
algorithm. Simulation results reveal that the GA outperforms all algorithms in terms of SE
and user acceptance ratio. Moreover, the GA achieves a handoff probability of zero, unlike
the RUA algorithm.

Third, the proposed greedy heuristic and GA solutions to the user association sub-
problem utilise a central node that requires nearly-complete information, which may not
be available in real-time. Therefore, this research further proposes a centralised training and
distributed execution multi-agent duelling double deep Q network (MA3DQN) solution that
facilitates real-time decision-making. Each user collects the channel state and access node
loading information in this approach and makes an association decision that considers its
quality of service requirements. This section of the thesis further adopts the effective capacity
theorem to guarantee the delay QoS requirements for mission-critical users. The MA3DQN’s

performance is validated through comparison with the GA, the ILP solution, a heuristic

XVl



approximation-based solution, the greedy approach, and the RUA algorithm. Moreover, the
multi-agent deep Q network (MADQN) solution is also simulated as an additional benchmark
algorithm. Simulation results reveal that as the number of users in the network increases,
the acquired data rate of the MA3DQN is within 0.48% and 0.42% of that achieved by
the GA and ILP, respectively, and outperforms all other algorithms. Notably, the proposed
MA3DQN algorithm presents the best running time, attaining a gain of 99.9% over the GA
algorithm, which performs the poorest among the algorithms characterised by polynomial
worst-case time complexity. Besides, the MA3DQN approach maintains a handoff probability
of zero, unlike the approximation-based, and RUA solutions.

Lastly, the thesis presents a weighted sum SOOP that maximises the energy efficiency
(EE) of the ITNTN while simultaneously minimising the mobility-induced handoff proba-
bility. The formulated problem is a non-convex and mixed integer non-linear programming
problem whose complexity is reduced through decomposition into two sub-problems: the user
association and resource allocation (UARA) problem and the power allocation (PA) problem.
The equivalent UARA problem maximises the total network data rate and minimises the
mobility-induced handoffs, thus can be solved by the GA or the MA3DQN already discussed.
On the other hand, the PA problem is a fractional programming problem (FPP) that is
simplified through transformation into a weighted sum SOOP and solved using the particle
swarm optimisation (PSO) approach. Simulation results reveal that depending on the value
of the weighting factor in the SOOP, the particle swarm optimisation power allocation
(PSOPA) algorithm either minimises power consumption, thereby maximising the EE of

the ITNTN, or maximises the total network data rate. When the power consumption is

xXvii



minimised, the PSOPA outperforms the equal power allocation (EPA) technique in EE. On
the other hand, when the achieved network data rate is maximised, the PSOPA’s achieved
data rate approaches the upper bound set by the EPA algorithm.

Unlike many recent proposals in the literature on user association and resource allocation
in the ITNTN, the algorithms proposed in this thesis consider the heterogeneity in user traffic
types. Moreover, the capabilities and limitations of the different networks in meeting the
contrasting user demands are considered. For instance, to the best of our knowledge, no work
in literature prioritises the wide coverage non-terrestrial networks over terrestrial networks for
long-distance and highly mobile applications. Such a consideration reduces the handoff rate,

ultimately reducing the probability of handoff failure, delays, and communication overheads.
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Chapter 1

Introduction

1.1 Introduction

Ongoing research on the sixth-generation (6G) of mobile networks reveals that 5G networks
may not meet the user requirements of 2030 and beyond, owing to emerging applications
such as holographic type communications, fully automated driving, and space travel [2, 3].
These applications will impose stringent requirements that include a peak data rate greater
than 1 Th/s and a delay less than 1 ms, which 5G clearly can not provide [3, 4, 5].
Furthermore, the three use cases defined for 5G, that is, enhanced mobile broadband
(eMBB), ultra-reliable and low-latency communications (uRLLC), and massive machine-
type communications (mMTC), do not effectively represent all the different service scenarios
envisaged in the beyond 5G (B5G) networks [3, 4]. For example, other use cases like
long-distance and high-mobility communications and low-power communications have been

defined in [3]. Consequently, considerable research is directed towards finding enabling



solutions required for the next generation of wireless networks to meet the envisaged
demanding user requirements [3, 4, 5, 6, 7].

The integration of terrestrial networks (TNs) such as 5G with non-terrestrial networks
(NTNs) has been proposed as one of the key enabling features for 6G [3, 4, 5]. The
considered NTNs are the satellite communications (SatComs) and the unmanned aerial
vehicles (UAVs) [1]. The UAVs can be categorised into high altitude platforms (HAPs)
and low altitude platforms (LAPs) [8]. Given their unique attributes of wide coverage,
less vulnerability to physical attacks and natural disasters, and fast deployment of the
UAVs, the NTNs will complement the terrestrial network (TN) in meeting 6G’s stringent
requirements and facilitating ubiquitous and reliable broadband coverage [3, 4, 5]. Moreover,
massive investment in space privatization coupled with recent advances in manufacturing and
launching processes have greatly reduced economic and technical constraints that inhibited
the deployment and integration of SatComs with TNs. Due to the significant reduction in
satellite size, multiple satellites can be transported using a single launcher, greatly reducing
the launching cost [9]. Consequently, several private companies such as Amazon, Telesat,
OneWeb, and SpaceX have deployed several low earth orbit (LEO) and medium earth orbit
(MEO) constellations to deliver high throughput broadband services with low latency [10].
An instance of this deployment is the other 3 billion (O3b) MEO constellation of 20 satellites
placed at an altitude of 8063 km in the circular orbit [10, 11]. The goal of the O3b
constellation network is to deliver internet access to 3 billion people in Africa, Asia, and
South America [11]. The Iridium system is another constellation of 66 LEO satellites at a

height of about 780 km designed to provide data and voice services to the entire globe [11].



Accordingly, the future airborne communication network will consist of many constellations
of satellites in different orbits connected by inter and intra-satellite links and providing
relatively inexpensive telecommunications services. Consequently, the role of NTNs in the
integration with TNs has been widely recognized [1], and in particular, the communication
resilience and service continuity use case identified to meet the needs of users during scenarios
when the TN is overloaded [12, 13].

Similar to [14] and [15], this research adopts a scenario in which there exists a large
number of users, and hence, the TN access nodes (ANs) cannot adequately support all the
arriving traffic. Such a scenario necessitates dynamic association of the users to not only
the TN but also the available non-terrestrial network (NTN) ANs, to meet the different user
demands. Therefore, this usage scenario implies the coexistence of multiple radio access
networks (RANs) deployed in the form of TNs, LAPs, HAPs, and SatComs, as depicted in
Fig. 1.1. These RANs are very diverse, with different capabilities and limitations. Similarly,
various user applications have contrasting quality of service (QoS) requirements in terms
of throughput, latency, mobility, etc. Determining an optimal association and resource
allocation scheme that maps the heterogeneous users to the appropriate RANs while at
the same time maximising resource utilisation, and providing the required user QoS, is
not only rigorous but complex [15]. Therefore, this research addresses the user association
and resource allocation problem in the integrated terrestrial and non-terrestrial network
(ITNTN). The resulting user association and radio resource allocation algorithms consider
the different use cases envisioned in 6G, ultimately optimising their radio resource allocation

and prioritisation.
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Figure 1.1: Layered architecture of the integrated terrestrial and non-terrestrial network.

1.2 Research background

Over the years, the explosive demand for high-speed wireless access has increasingly strained
the TN, especially in highly populated urban areas. To counter the massive demand,
technologies such as ultra-dense networks (UDNs), device-to-device (D2D) communications,
and Millimetre Wave (mmWave) communications have been proposed as the nexus of B5G
networks [8, 16]. While these technologies have shown great potential in increasing the
capacity of wireless networks, they are faced with limitations [8, 16]. For instance, UDNs are
limited by frequent handoff, interference, and backhaul challenges. On the other hand, D2D
communication is faced with implementation complexity in terms of frequency planning and
resource allocation. Similarly, mmWave communication is severely affected by blockage, such

as buildings, and suffers from high propagation loss, rendering it a small-cell technology.



The use of NTNs as Base Stations (BSs) is envisioned to offer a solution to some of
the above challenges and complement the TN in providing high-capacity wireless access
in rural areas and hotspots [12]. After all, the broad coverage of the NTNs will provide
access to hard-to-reach and under-served areas and facilitate continuity of service for high-
speed users [1], thus limiting the frequency of handoff. Also, a considerable amount
of research has elaborated the applicability of NTNs, especially satellites, in providing
supplementary backhaul links to TNs [17, 18, 14]. Besides, given that the NTNs are located
at altitudes above the ground, these can easily achieve line of sight (LoS) communication with
ground users and thus facilitate high-capacity wireless access using mmWave communication,
provided that high gain antennas are used to reduce attenuation due to long propagation
distances [12].

While most research on the integration of NTNs with TNs focused on using the satellite
for backhaul, this research will focus on integrating the satellite with the TNs, HAPs, and
LAPs for fronthaul radio access. We argue that in a scenario of many users whose traffic
can hardly be supported by the terrestrial BSs, all available access nodes, including the
SatComs, should be able to provide radio access and thus satisfy the QoS requirements of
different users. A few recent research has also addressed the use of SatComs for radio access
in the integrated network [19, 20, 21], but these works did not expound on how to meet
the needs of different use-cases, i.e., eMBB, uRLLC, etc. Furthermore, to the best of our
knowledge, none of the literature has addressed the prioritisation of the wider coverage NTNs

for long-distance and highly mobile users to reduce call drops that result from a high number



of handoffs. Moreover, most of the work does not consider joint RAN resource management

of all four networks: the TN, HAPs, LAPs, and SatComs.

1.3 Research motivation

In future wireless networks, space communication is envisaged to complement the ground
TNs in providing broadband wireless connectivity [22]. Indeed, UAVs have been found to
offer several applications, ranging from use as aerial BSs to acting as cellular-connected
user equipment (UE) [8]. Unlike the fixed TN access nodes, UAVs are mobile and can
flexibly be deployed for radio access during periods of traffic peaks and emergency scenarios
[23]. Besides, technological progress in solar cells, batteries, and aeronautics have motivated
companies such as Airbus [24] and Google [25] to invest heavily in HAPs. In addition,
recent times have witnessed the massive deployment of Low Earth Orbit (LEO) satellite
constellation, including 2,622 One Web satellites and 1,584 Starling satellites [26]. Moreover,
feasibility studies on radio access through the NTNs have been successfully undertaken by
the Third Generation Partnership Project (3GPP) [1, 27]. Consequently, the B5G networks
are expected to comprise the TNs, LAPs, HAPs, and SatComs, integrated to provide 3D
wireless connectivity [26].

Motivated by these trends, this research seeks to study the problem of user association
and radio resource allocation in the ITNTN, consisting of many users generating traffic that
the TN ANs can not entirely support, for example, in an urban area during a carnival event.
Such a usage scenario necessitates the deployment of NTNs to decongest and support the TN
RAN in providing radio access to the different users. The question that arises then is how to
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map the contrasting user demands to the heterogeneous RANs to maximise radio resource
utilisation and the number of admitted users. At the same time, the mapping should meet
the requirements of the different entities, including the users’ QoS and the access nodes’

resource and power budgets.

1.4 Problem statement

In 6G networks, multiple RANs, including the SatComs, LAPs, HAPs, and TNs, will co-exist
[28]. These networks have different characteristics and constraints. For example, satellite
communication is endowed with wide coverage but limited by long propagation delays and
weak received signal strength. The LAPs are characterised by fast and low-cost deployment
yet are constrained by the number of available channels. Therefore, their usage should be
prioritised for traffic whose QoS requirements may not be met satisfactorily by the other
available RANs [11]. Along the same lines, the TN is endowed with a rich pool of resources
that enable it to achieve higher throughput and lower latency than the NTNs. However,
even with such a large pool of resources, the TN will not be able to support the massive
wireless network demand envisaged in the years 2030 and beyond [2]. Moreover, the TN
BSs are characterised by a small cell radius that results in an increased number of handoffs
experienced by mobile users [11].

Simultaneously, the UE in such a network will be multi-mode, embedded with multiple
RAN interfaces, thus able to access any of the RANs mentioned above [29]. However, different
user applications are characterised by exceedingly divergent QoS requirements and scenarios.

Typical user scenarios envisaged to be supported by 6G include further enhanced mobile



broadband (feMBB), enhanced ultra-reliable and low-latency communications (euRLLC),
ultra-massive machine-type communications (umMTC), long-distance and high-mobility
communication (LDHMC), and extremely low-power communications (ELPC) [3]. To take
a case in point, SatComs is more appropriate than the TN for the LDHMC service group
due to its wide coverage, which reduces the number of handoffs, consequently decreasing the
associated delays and signalling overheads and thus increasing the QoS for such applications.
On the contrary, its long propagation delay makes it unsuitable for direct connectivity of the
mission-critical euRLLC service group.

Furthermore, it is plausible that feMBB and umMTC use cases whose QoS requirements
could have been met by SatComs use up available resources in other RANs. In such a
scenario, the resources for the mission-critical euRLLC service group, which the available
resources in SatComs cannot support, will be reduced. Consequently, euRLLC calls will be
blocked regardless of existing SatComs resources, leading to inefficient utilisation of resources
which ultimately reduces the spectrum efficiency (SE) of the ITNTN.

Ultimately, there is a need to map the different service groups to the appropriate RAN
to ensure efficient resource utilisation and thus maximise the SE of the ITNTN, making
the association problem non-trivial. The typical user association and resource allocation
algorithms for the TN are based on putting traffic where there is available bandwidth [30]
and are thus not optimised to suit the different networks’ peculiarities in the ITNTN. For
instance, regardless of how much bandwidth is available at the SatComs access node, euRLLC
traffic cannot be scheduled through it. Moreover, in literature, the widely employed user

association schemes are based on maximum received signal to interference plus noise ratio



(SINR). However, the RANs in the ITNTN have resource blocks of different bandwidths,
thus, a RAN may have a higher SINR, but because of a smaller sized resource block, it
achieves less data rate than another RAN with a bigger sized resource block. Therefore,
an association based on maximum SINR does not guarantee maximum data rate in the
ITNTN, thereby leading to a lower SE. Consequently, in the current user association and
resource allocation algorithms, the networks’ different capabilities and characteristics are
not harnessed in an optimised manner, resulting in inefficient utilisation of the joint network
resources, leading to the SE problem. Besides, integrating NTNs with TNs introduces an
energy efficiency (EE) problem that must also be addressed. The ITNTN will be an ultra-
wide communication network consisting of many ubiquitous nodes that will increase the
total energy consumption and carbon emissions [31]. Therefore, it is imperative to develop
EE algorithms for the ITNTN that will lead to a green and energy-saving communication
network.

From the foregoing, this research intends to fill the gap in the literature on the
development of efficient algorithms and schemes for radio resource management in the
ITNTN, given diverse users. In particular, the study addresses the problem of efficient user
association and resource allocation in the ITNTN by developing algorithms that maximise
the SE and EE of the network while ensuring QoS provisioning to the different users.
The users are differentiated according to their use case, as either feMBB, euRLLC, or
LDHMC. Moreover, the work prioritises using RANs with the largest cell radius for service

provisioning mobile LDHMC users, with the goal of minimising mobility-induced handoffs.



Also, provisioning the mission-critical euRLLC service group is prioritised over other service
groups to avoid its denial of service, which could be catastrophic.

Consequently, the user association and resource allocation problem in the ITNTN is
a non-linear combinatorial and non-convex problem that is NP-hard with no efficient
polynomial-time solution. Exact solutions like the branch and bound that return a global
optimal solution to such problems exist. Still, these are characterised by a computational
complexity that increases exponentially with the network’s dimension. To this end, this
research is dedicated to finding near-optimal but polynomial-time solutions to the user
association and resource allocation problem in the ITNTN. Moreover, the study investigates
the use of reinforcement learning (RL) to facilitate real-time user association decision-

making, a desirable attribute for 6G scenarios characterised by delay-sensitive applications.

1.5 Research questions

In addressing the aforementioned problem, this research seeks to answer some questions,

including but not limited to the following:

i) How can users with contrasting QoS requirements be associated with RANs having

different capabilities and limitations?

ii) How can the ITNTN resources be allocated to users in a manner that mazximises the
SE of the ITNTN while simultaneously minimising the mobility-induced handoffs and

guaranteeing users’ QoS requirements?
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iii) How can the EE of the ITNTN be maximised while at the same time meeting the user’s
QoS demands, ensuring efficiency in resource utilisation, and minimising mobility-

induced handoffs?

iv) How can efficient user association and resource allocation in the ITNTN be achieved

intelligently using the RL technique?

1.6 Hypothesis/Research objectives

1.6.1 Hypothesis

It is hypothesized that integrating TN with NTNs will lead to communication resilience
and service continuity during traffic peaks in TNs, thereby increasing network availability,

capacity and throughput.

1.6.2 Research objectives

This research aims to develop and validate efficient radio resource management algorithms for
the ITNTN that will maximise the network’s spectrum and energy efficiency while minimising
mobility-induced handoffs and ensuring user QoS provisioning. The objectives of the research

include the following:

i) To carry out an extensive literature review on radio resource management (RRM) in

the ITNTN, identifying and addressing limitations in the existing solutions.

11



ii) To develop a robust user association and resource allocation scheme that maximises
the SE of the ITNTN by maximising the total network data rate while minimising
the probability of mobility-induced handoff, subject to constraints on user QoS

requirements, access node resource, and power budgets.

iii) To develop an intelligent user association and resource allocation scheme based on RL

that facilitates real-time RRM in the ITNTN.

iv) To develop an energy-efficient RRM scheme for the ITNTN that also minimises the
probability of mobility-induced handoff and ensures user QoS provisioning while assuring

that the radio and power resources of the access nodes are not exceeded.
v) To implement the aforementioned proposed algorithms using Python.

vi) To evaluate and analyse the performance of the proposed algorithms against suitable

performance metrics and existing solutions.

1.7 Research methodology

The methodology used for this research follows a step-wise procedure depicted by Fig. 1.2

and described in [32] as:

i) Recognize the problem: This step is undertaken to review and understand radio resource

management in the ITNTN and identify gaps in the proposed solutions.

ii) Define the problem: This step details the system model and assumptions considered for
this research following the steps highlighted below:

12
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a) Definition of the general model: This involves describing the deployment scenario in

which the characteristics of the different users, RANs, and access nodes are defined.

b) Definition of the mobility, channel, and signal quality models: The users’ movement
patterns are defined in this step.

the received SINR from the access nodes to the UE are computed. From these

Figure 1.2: Research methodology.

computations, the data rate achieved by a user is calculated.

iii) Construct the Mathematical Model: A mathematical model is a simplified representa-

tion of the actual problem. This step comprises four main activities:

a) Clearly defining the requirements of the different entities, such as users and access
nodes of the ITNTN. Such a definition aids proper decision-making, such that users’

needs are satisfied while considering the power and resource budgets of the access

nodes.

b) Identifying the decision variables used to define the decisions to be made in the
user association and resource allocation problem. Such decision variables include the

access node and resource unit decision variables.

c¢) Defining the problem constraints in terms of decision variables. Constraints provide

rules that ensure limits and restrictions are satisfied. For instance, all users have a

Moreover, the path loss, channel gain, and

minimum QoS, and access nodes have maximum resource and power budgets.
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d) Defining the objective functions. An objective function assigns a value and measures
the quality of the alternatives to choose from to yield the best result. In this research,
the objective functions are multi-objective optimisation problems that: i) Maximise
the total network data rate (thereby maximising the network SE) while minimising
the probability of mobility-induced handoffs and ii) Maximise the EE of the ITNTN

while also minimising the mobility-induced handoff probability.

iv) Solving the Mathematical Model: Given that the problem is non-convex and combina-
torial, it is NP-hard with no efficient polynomial-time solution. Many hand-crafted
algorithms for solving combinatorial problems are sub-optimal, costly to compute,
and mathematically not well defined due to the complex nature of the problems [33].
Nonetheless, exact algorithms such as branch and bound exist that return a global
optimal solution for such problems. However, given that these algorithms are based
on searching all the different possible solutions in the search space, they have a high
time complexity that is inefficient for provisioning users, especially the delay-sensitive
applications in wireless networks. On the other hand, it has been shown in the
literature that meta-heuristic approaches, such as the genetic algorithm, can find near-
optimal solutions to resource allocation problems in polynomial time [34, 35]. The
meta-heuristics have lower computational complexity and require less computational
resources, thus making them more efficient for 6G networks than the exact solutions.
In the same manner, once the training is done, machine learning approaches can find
near-optimal solutions to combinatorial optimisation problems at significantly reduced

running times compared to exact solutions, and meta-heuristics [36]. Consequently, this
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research investigates and compares the solutions to the user association and resource
allocation problem in the ITNTNs obtained by meta-heuristics and machine learning,

particularly RL.

v) Validating Solutions: The solutions will be evaluated against suitable performance

metrics and existing solutions.

1.8 Research contributions

This thesis addresses the problem of user association and resource allocation in the ITNTN.
The considered usage scenario is such that many users whose traffic cannot be supported
entirely by the TN RAN exist, necessitating radio access through the NTN RANs as well.
The RANs in the considered ITNTN have different attributes in meeting the envisioned
heterogeneous user demands in the B5G network. Consequently, mapping users to the
appropriate RAN while ensuring efficient spectrum and energy utilisation is not trivial. In
solving this problem, contributions have been made to peer-reviewed conferences and journal
publications, as highlighted later in this subsection. The novel contributions of this research

are therefore summarised as follows:

i) Formulation of a user association and resource allocation scheme for an ITNTN
comprising the TN, LAP, HAP, and SatComs RANs. This scheme considers the
heterogeneity in user demands and the different RANs’ uniqueness in meeting these
demands. Resource allocation is priority-based, so the mission-critical euRLLC service

group can be prioritised over the other service groups to avoid its denial of service,
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ii)

which could lead to catastrophic events. Moreover, given the long propagation delays
experienced by the SatComs RAN, the scheme ensures that the mission-critical users
are not associated with the SatComs RAN of the ITNTN. Furthermore, since large cell
radii characterise the NTNs compared with the TN BSs, they are prioritised to serve the

mobile LDHMC service group to minimise the probability of mobility-induced handoffs.

Consequently, the user association and resource allocation problem is formulated as a
multi-objective optimisation problem (MOOP) that jointly maximises the total data
rate of the ITNTN and minimises the mobility-induced handoff probability. The
problem is subjected to constraints on the resource budget and minimum user QoS
requirements. The complexity of the formulated MOOP is reduced by adopting the
weighted sum method to transform the MOOP into a single-objective optimisation
problem (SOOP), which is a weighted sum of the total network data rate and the
handoff reduction functions. However, the SOOP is combinatorial and thus NP-hard.
The complexity of the SOOP is reduced by decomposing it into two sub-problems: a)
the user association sub-problem that associates users to appropriate ANs and further
allocates them the minimum resources required to meet their QoS requirements. b) The
resource distribution phase that allocates the unallocated resources, if any, after the

user association phase.

Development of a service-aware greedy algorithm to solve the user association sub-
problem and demonstrate the relevance of differentiated service provisioning and
consideration of the RANS’ different capabilities and limitations in resource management
of the ITNTN. Furthermore, reformulation of the resource distribution sub-problem into

16



iii)

iv)

a water-filling problem, which is solved utilising CVXPY, a Python-embedded modelling
language used to solve convex optimisation problems. Part of this work, particularly

the greedy algorithm resulted in the publication of the conference paper [37].

Development of a near-optimal but polynomial time solution based on the genetic
algorithm (GA) to solve the user association sub-problem in i) above. The problem
is encoded into a sequence of chromosomes with genes representing the user association
solutions. Service group-dependent fitness functions are formulated to determine the
near-optimal user association and resource allocation solution. Concurrently, the
Gurobi solver is used to determine the user association sub-problem via integer linear
programming (ILP). However, the worst-case time complexity of the ILP solution is
exponential, justifying the use of the proposed polynomial-time GA. Therefore, the
performance of the GA is validated through comparison with the ILP solution and
two other solutions, the heuristic greedy algorithm in ii) above and the random user
association (RUA) algorithm. Moreover, the GA solution is used to show that a set of
Pareto optimal solutions exists in solving the MOOP formulated in i) as a weighted sum

SOOP. This work culminated in the publication of a journal paper in IEEE Access [38].

Development of a latency-aware multi-agent deep reinforcement learning (DRL) solution
to the user association sub-problem in i). While the GA solution proposed in iii)
determines near-optimal solutions in polynomial time, it lacks the intelligence that
facilitates real-time decision-making, a desirable attribute for B5G networks, especially

those serving mission-critical users. Therefore, a multi-agent solution based on a double

17



deep Q network with duelling architecture is proposed to determine solutions on the
fly. The solution defines each user’s state, action, and reward function. Moreover, to
reduce the computational complexity and memory required during training, the work
adopts the centralised training but distributed execution approach. The distributed
execution enables real-time decision-making without users needing to know other users’
channel state information in the network. Moreover, the effective capacity theorem is
also adopted to guarantee the delay QoS requirements for mission-critical users. The
performance of the proposed multi-agent duelling double deep Q network (MA3DQN)
algorithm is validated using performance metrics such as the achieved total network
data rate, user acceptance ratio, probability of handoff, and execution time. The
performance of the MA3DQN algorithm is compared to the GA, the ILP solution,
the greedy algorithm, the RUA algorithm, an approximation-based heuristic algorithm
proposed by [39], and a simulated multi-agent deep @ network algorithm. This work

resulted in a journal paper [40] publication in Computer Networks, Elsevier.

Development of an energy-efficient user association and resource allocation algorithm for
the ITNTN. In i), the constant power allocation strategy is assumed to tame the problem
complexity: hence, i) focuses on achieving a spectrum-efficient network. However, to
address the EE of the ITNTN, the user association and resource allocation problem is
formulated as a weighted sum SOOP that maximises the global EE of the ITNTN while
simultaneously minimising the probability of mobility-induced handoff. Maximising
EE in the SOOP presents a mixed integer non-linear fractional programming problem,

making the computation of the formulated SOOP complex. The complexity of the

18



SOOP is reduced through decomposition into two sub-problems: the user association
and resource allocation (UARA) problem and the power allocation (PA) problem. The
equivalent UARA problem focuses on user association and resource allocation by fixing
the resource block transmit power, consequently maximising the total network data
rate and minimising the mobility-induced handoff probability. The PA problem then
allocates power to the different resource blocks allocated to the users such that the
users’ QoS in terms of data rate or delay bound rate is satisfied while maximising the
EE of the ITNTN. The PA problem is a fractional programming problem (FPP) that
is simplified through transformation into a weighted sum SOOP. We show that a set of

Pareto optimal solutions exists when the PA FPP is solved as a weighted sum SOOP.

Since the UARA problem is similar to the SOOP in i), it can be solved by any
of the algorithms proposed in ii)-iv). On the other hand, the PA problem is
solved using the particle swarm optimisation (PSO) algorithm due to its simplicity in
implementation, high efficiency, and fast convergence. The performance of the particle
swarm optimisation power allocation (PSOPA) algorithm is compared to the equal power
allocation (EPA) strategy to validate the EE performance. This work culminated in

publishing a conference paper [41].

The complete list of the publications associated with the contributions described above

is presented as follows:

e Journal papers
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[J.1] D. J. Birabwa, D. Ramotsoela, and N. Ventura, “Service-aware user association
and resource allocation in integrated terrestrial and non-terrestrial networks: A

genetic algorithm approach,” IEEE Access, vol. 10, pp. 104337-104357, 2022.

[J.2] D. J. Birabwa, D. Ramotsoela, and N. Ventura, “Multi-agent deep reinforcement
learning for user association and resource allocation in integrated terrestrial and

non-terrestrial networks,” Computer Networks, p. 109827, 2023.

e Conference papers

[C.1] D. J. Birabwa, D. Ramotsoela, and N. Ventura, “Slice-aware user association and

resource allocation in integrated terrestrial and non-terrestrial networks,” in Proc.

Southern Afr. Telecommun. Netw. Appl. Conf. (SATNAC), 2021, pp. 44-49.

[C.2] D. J. Birabwa, D. Ramotsoela, N. Ventura, “Energy-efficient user association
and resource allocation in integrated terrestrial and non-terrestrial networks,” in
Proc. Southern Africa Telecommunication Networks and Applications Conference

(SATNAC), 2022, pp. 249-254.

1.9 Research scope

This thesis is dedicated to developing efficient radio resource management algorithms for a
network comprising the integration of TNs such as 5G and NTNs that include the LAPs,
HAPs, and SatComs. The algorithms enhance radio resource utilisation by ensuring users
having heterogeneous demands are associated with the appropriate RANs that maximise
the total network data rate, thereby maximising the SE of the network. Moreover, the
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algorithms utilise the NTNs’ attribute of large coverage cells to minimise the number of
handoffs experienced by mobile users. The scope of the research is limited to resource
management in the access network, focusing on the downlink transmission since the downlink
traffic constitutes a large portion of the network traffic [42].

The UE considered in this work are limited to the multimode usage scenario and, as such,
can only connect to a single RAN for a particular call/session at a time. Therefore, the use
of multi-homed devices that allow simultaneous transmission of data through multiple access
networks is out of the scope of this work and can be investigated in future work. Moreover,
the UAVs are considered quasi-stationary, with an assumption that their placement has
already been optimised to cater to the usage scenario at hand that involves many users,
say in an urban area during a carnival or sports event. Investigation of a scenario in which
UAVs move to keep up with spatially changing traffic can be addressed in future work. The
simulations in this work are carried out using the Python programming language, but these
could also be implemented using NS-3 or OpNet network simulators, or on a test bed in

future research.

1.10 Thesis organisation

The remainder of the thesis is organised as depicted in Fig. 1.3 and described as follows:

Chapter 2 describes the ITNTN architecture and further elaborates on the different
architectures proposed by 3GPP for NTN radio access. Also, the chapter gives the related
projects concerning the integration of TNs with NTNs. Moreover, it discusses the concept
of RRM, focussing on RRM frameworks, RAN selection considerations in heterogeneous
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Figure 1.3: Thesis organisation.

networks, and a comprehensive literature review on RRM in the ITNTN.

Chapter 3 presents the proposed service-aware user association and resource allocation
system model and problem formulation. In particular, the system model discusses the
ITNTN deployment scenario, user mobility model, channel model, and signal quality
model. Based on the system model, the user association and resource allocation problem
is formulated as a MOOP maximising the total network data rate while minimising the

probability of mobility-induced handoff. The complexity of the MOOP is then reduced
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by adopting the weighted sum method, which transforms the MOOP into a SOOP. The
complexity of the SOOP problem is reduced by decomposing it into two sub-problems: the
user association sub-problem followed by the optional resource distribution sub-problem.
A service-aware greedy heuristic algorithm is proposed to solve the user association sub-
problem, and simulations are carried out to validate the relevance of differentiated service
provisioning in the I'TNTN. Moreover, the resource distribution problem is reformulated as
a water-filling problem and consequently solved utilising CVXPY.

Chapter 4 presents the GA user association and resource allocation solution to the user
association sub-problem formulated in Chapter 3. The GA solution is compared to the ILP
solution, the greedy algorithm, and the RUA algorithm.

Chapter 5 investigates the use of RL to solve the user association sub-problem formulated in
Chapter 3. A centralised learning but distributed execution MA3DQN algorithm is proposed,
and its performance is evaluated through comparison with the GA, the ILP, the greedy, RUA,
approximation-based, and the multi-agent DQN algorithms.

Chapter 6 presents an energy-efficient user association and resource allocation problem for
the ITNTN. The problem is formulated as a SOOP that maximises the global network EE
while minimising the probability of mobility-induced handoff. The SOOP is decomposed into
two problems: the user association and resource allocation (UARA) problem and the power
allocation (PA) problem. The UARA problem is similar to that described in Chapter 3 and
thus can be solved by any of the algorithms described in Chapters 3-5. The PA problem, on

the other hand, is solved using the particle swarm optimisation meta-heuristic algorithm.
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Chapter 7 winds up the thesis report with the conclusion and possible areas for future work.
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Chapter 2

Literature Review

This chapter first introduces a reader to the ITNTN architecture and further discusses the
RAN architectures proposed by the 3GPP for the NTNs. Moreover, it elaborates on related
projects concerning integrating TNs with the NTNs. The chapter then discusses the state-
of-the-art RRM in heterogeneous networks, describing the different RRM frameworks and
design considerations for RAN selection. It then gives a comprehensive literature review on

RRM for the ITNTN, clearly detailing the recognised research gaps.

2.1 Introduction

The integration of TNs with NTNs has been widely viewed as one of the enabling features
of 6G wireless networks [4, 3, 5, 6, 7]. The considered NTNs are the satellites, the HAPs,
and the LAPs. Such integration is motivated by considerable investments in satellites by
companies such as SpaceX, OneWeb, and Telesat [10], and in HAPs by Airbus and Google

[24, 25]. Moreover, the 3GPP successfully investigated the use of the NTNs for wireless radio
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access [1, 27]. Consequently, the future wireless networks will be an ITNTN comprising of
the TN, the satellite, the HAPs, and the LAPs, all providing radio access to multi-mode UE,
as depicted by Fig. 1.1.

On the other hand, the B5G networks are also anticipated to support different service
groups characterised by contrasting QoS requirements such as throughput, latency, reliability,
and mobility [3]. The different RANs in the ITNTN are characterised by divergent
capabilities and limitations toward meeting the demands of the envisaged heterogeneous
users. For instance, the satellite has the most extensive coverage area making it the most
suitable RAN to serve long-distance and highly mobile users with limited need for handoff.
On the other hand, its long propagation delay limits its usage for delay-sensitive mission-
critical applications. The TN RAN is characterised by a large pool of resources that result
in high throughput and lower latency. Yet, even these resources will not be sufficient to meet
the high demand envisaged in the years 2030 and beyond [2]. Besides, the TN is limited by
coverage per base station (BS), resulting in increased handoffs for mobile users. Accordingly,
to reduce the mobility-induced handoffs and the associated handoff signalling overhead,
delays, and probability of handoff failure, it is more suitable to use the NTNs characterised
by larger cell radii for service provisioning mobile users, consequently improving their QoS.
The LAPs and HAPs, on the other hand, are limited by the available number of channels.
Thus their access should be prioritised for users whose QoS requirements can not be satisfied
by other available RANs [11].

From the foregoing, it is clear that the different RANs in the ITNTN have divergent

strengths and weaknesses in supporting users with contrasting demands, necessitating
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efficient RRM schemes that consider the RANs’ peculiarities in meeting the diverse user QoS
requirements, an issue that this thesis addresses. Consequently, this chapter of the thesis
describes the concept of RRM, giving a detailed literature review on RRM in the ITNTN
and the recognised research gaps. However, before digging into RRM in the ITNTN, a reader
needs to first understand the architecture of the ITNTN, the NTN RAN architectures as
proposed by the 3GPP, the role of NTNs in the envisioned ITNTN, and the related projects

as regards the integration, all described in the following sections.

2.2 General architecture of the ITNTN

The I'TNTN architecture consists of a layered and 3-dimensional integration of SatComs,
aerial platforms (LAPs and HAPs), and the TN as illustrated in Fig. 1.1. This section

describes the different layers of the ITNTN.

2.2.1 Satellite communications (SatComs)

SatComs consists of the Geostationary Earth Orbit (GEO), MEO, and LEO satellites located
at altitudes of 35,786 km, 7,000 — 20,000 km, and 600 — 1,500 km respectively [1]. The
satellites in the different orbits are interconnected by very high throughput inter-satellite
links (ISLs) that will enable direct packet routing through space using either radio frequency
(RF) or optical frequencies [1, 10, 43].

Satellites have the broadest geographical coverage and, as such, are suitable for providing

communication services to moving platforms like aircraft and high-speed trains with little
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need for handoffs. On the other hand, SatComs suffers from long propagation delays that
limit its application for direct connectivity of the euRLLC delay-sensitive services. For
instance, the worst-case one-way delay from the UE to the gNB considering the transparent
and regenerative (discussed in Section 2.3) GEO satellites is 272.375 ms and 135.286 ms,
respectively, as reported by 3GPP in [1]. Propagation delays for LEO and MEO depend
on the satellite’s altitude above the earth’s surface; moreover, increasing the altitude by
1000 km increases the one-way delay by 20 ms for a single hop [11]. This latency is way
beyond the envisaged 1 ms latency provision for delay-sensitive applications in B5G. Hence,
SatComs is not an efficient access network for such services, yet it enhances the capacity for
the feMBB and provides the needed ubiquitous connectivity for the LDHMC service group
as highlighted by the different use cases described in [44]. However, it should be noted that
SatComs can support the enRLLC service group by leveraging its broadcast and multicast
features. Content can be broadcast and cached at the network edge or the terminals, thus
enabling the envisaged 1 ms delay and 99.999% reliability of the enRLLC service group [44].

The GEO satellites have the broadest coverage, with only three needed to cover the globe,
excluding polar regions [9, 45]. They travel eastwards at the same rotational speed as the
earth in a circular orbit with zero inclination and have a 24-hour view of a particular area.
Since GEO satellites appear stationary to the earth, they have the advantage that line-of-
sight (LoS) communication can easily be achieved to/from ground antennas without the need
to track the satellite’s motion. This is particularly useful in applications requiring a large
number of ground antennas. For instance, such a feature can lead to considerable savings

in ground equipment needed at relay nodes discussed in Section 2.3. GEO satellites are,
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however, faced with the highest latency and propagation losses that lead to a comparatively
weak received signal.

MEO satellites have a smaller coverage area than the GEO satellites. They have a
rotational period of 5 — 12 hours and a visibility period of about 2 — 4 hours [9]. They are
smaller than GEO satellites and hence less expensive to launch. On the other hand, the
LEO satellites are at the lowest altitude from the earth’s surface and, as such, have the
smallest coverage area traded off for lower propagation delays and propagation path loss.
LEO satellites are the smallest compared to GEO and MEQO satellites and are thus the least
expensive to build and launch. A satellite in LEO takes approximately 100 minutes to rotate
around the earth and is visible for about 15 minutes from a particular point on earth [9].

Consequently, many LEO satellites are needed to provide uninterrupted connectivity.

2.2.2 High altitude platforms (HAPSs)

HAPs are repeaters flying at an altitude of 17 — 22 km in the stratosphere [46, 47]. Such an
altitude is above the civilian airspace, which does not go beyond 15 km above the earth’s
surface and is not affected by strong winds implying that minimum effort is required to
compensate for unpredicted movements caused by the wind.

Several studies and projects on HAPs were carried out in the 1990s and 2000s. Still,
most could not continue due to limited technological progress in the fields of solar cells,
batteries, and aeronautics, coupled with limitations in regulations, reliability, and safety.
However, recent technological advancements have returned interest in HAPs portrayed by

several companies investing in their development to provide telecommunication services. An
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example is the Google LOON project that operated between 2011 and 2021, using a network
of interconnected solar-powered balloons located at altitudes between 18 — 25 km in the
stratosphere [25]. These balloons had onboard LTE eNBs capable of providing broadband
services to unserved and underserved areas around the world. Aquila is another project
that was run by Facebook from 2014 to 2018 [48]. The main objective was to build a fleet
of solar-powered aircraft flying at an altitude of about 18 km to provide internet access
to people in under-connected regions. Zephyr is another solar-powered unmanned aircraft
built by Airbus operating in the stratosphere at about 21 km above the earth’s surface [24].
StratoBus is an autonomous HAP airship built by Thales Alenia Space to fly at an altitude
of about 20 km. It is envisaged to perform several missions such as surveillance, navigation,
observation, and telecommunications. The total lifespan of the airship is about five years
[49].

HAPs can be classified as aerostatic and aerodynamic [47]. The aerostatic HAPs are
in the form of balloons or airships and utilise the concept of buoyancy to stay aloft in the
air. The need to compensate for thin air in the lower stratosphere leads to huge aerostatic
HAPs, often 100m and over in length. The Balloons are usually unpowered, designed to
stay still in space, while airships are powered using solar panels mounted on their surfaces
and are quasi-stationary with onboard electric motors and propellers for station keeping [46].
The aerodynamic HAP, on the other hand, is based on the principle of dynamic forces that
result from moving through the air. It is an aircraft that has to stay in a forward motion to
keep aloft. It requires a wide wingspan to obtain sufficient lift against the air density in the

altitudes of around 20 km [47]. Such a wingspan leads to a radius of motion of about 2 km
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above the coverage area [50]. Aerodynamic aircraft is characterised by being lightweight,
resulting in low payload capacity, and the need for constant motion leads to high operation
costs.

Compared to satellites, HAPs have a stronger received signal, lower latency, and reduced
implementation, deployment, and launch costs. Also, they can fly to a given area in response
to temporal or spatial traffic demands. This makes them suitable for emergency response
services and traffic offloading from a congested BS due to circumstances such as events like
the Olympics. Compared to the TN, HAPs require a much lower number of BSs to serve
the same area. For example, 16 HAPs with an elevation angle of 10° are needed to cover the
entire Japan while Greece needs 8 HAPs [46, 47|, compared to the multitudes of BSs forming
backhaul links to the core network that are required using the TN. Given the wide coverage
of up to 200 km radius provided by a single HAP, the end-to-end delay for transmissions
greater than 20 km is less than that experienced in the TNs [50]. HAPs have a propagation
RTT (Round Trip Time) of 1.5 ms, and since any point within the 200 km radius can be
reached by a single hop, the delay is independent of distance from the transmitter to the
receiver. However, using the TN to cover the same area necessitates transmission through
multiple nodes with a processing delay of about 1 — 5 ms per node, significantly increasing
the RTT for large distances [50]. Moreover, HAPs quickly provide efficient coverage to users
in areas where it is challenging to deploy TNs and continuous service to high-speed vehicles.

While HAPs offer many advantages, they have a smaller coverage area than satellites,

and the need for refuelling reduces their service provision time. Hence to benefit from the
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numerous advantages highlighted, it is imperative to use HAPs in cooperation with SatComs
and TNs to provide ubiquitous and continuous broadband communication.

HAPs are envisaged to serve many applications, including but not limited to broad-
cast/multicast, surveillance, navigation, remote sensing, and provision of high-capacity

access and backhaul links to UEs and gNBs, thus reducing the traffic burden on the TN.

2.2.3 Low altitude platforms (LAPs)

LAPs have received considerable attention from academia and industry. Compared to
the other networks of the ITNTN, LAPs have the lowest cost and are characterised by
fast and easy deployment [51, 23, 46]. This attribute makes them suitable for providing
communication services for emergency response and acting as aerial BSs for direct UE
connectivity and traffic offloading during duration-limited events such as festivals and sports
events. They are relatively small and light and operate at low altitudes, not exceeding 10 km
above the earth’s surface [51]. Their low altitude implies reduced propagation losses with
the ability to establish a clear line of sight with the transmitters and receivers [23].

LAPs are of two types; the fixed-wing LAP that has to maintain continuous motion at
very high speeds up to 120 km/h to remain aloft, and the rotary-wing LAPs that can remain
stationary in the air [23]. Fixed-wing LAPs are capable of lifting load as heavy as 100 kg
while rotary-wing LAPs lift load in the range of 10 — 50 kg [50]. The application determines
the type of LAP to use; for example, a rotary-wing LAP would be preferred to complement

the TNs in providing high data rate wireless access during stadium events.
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Given their advantages, LAPs suffer from several constraints such as size, weight, and
power (SWAP) that limit their communication capabilities and flight duration [23, 46].
This implies two things; on the one hand, they have limited channels and thus can not
simultaneously provide wireless access to many users in their coverage. On the other hand,
the LAP links may experience an outage due to energy drainage, and if they are operating
as a multi-LAP network, this will lead to frequent changes in the network topology as old
links are removed, and new ones are added. Moreover, since LAPs are at a low altitude,

they suffer from interference from other LAP aerial BSs, terrestrial BS, and UEs [52].

2.2.4 Terrestrial network (TN)

The terrestrial layer includes fixed and mobile users using different radio access technologies
(RATSs) such as 5G, 4G, and Wireless Fidelity (WiFi) to access heterogencous networks
consisting of macro-, micro-, pico- and femtocells. This layer supports different communica-
tion paradigms developed in recent times, such as device-to-device (D2D), vehicle-to-vehicle
(V2V), and vehicle-to-everything (V2X) communications. As illustrated in Fig. 1.1, the
user equipment, including cell phones and vehicles, are multi-radio terminals capable of
connecting to various access technologies, including satellite and aerial platforms. The 5G
and beyond core is envisioned to support seamless integration between terrestrial and non-
terrestrial networks.

Table 2.1 depicts a summary showing the attributes of the different networks that

constitute the ITNTN.
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Table 2.1: Comparison of the different networks comprising the ITNTN.

Platform Classification | Key features Advantages Disadvantages
o Altitude: 35,786 km
e Same rotational speed
GEO as the v?artb . e Largest coverage area e Longest propagation delay. GEO
. ® Zero inclination Lo .
Satellite e Circular orbit e LoS communication easily have about 270 ms one-way delay,
rentar o'r ! achieved with GEO since UEs do |[MEO about 110 ms and LEO less
® 24-hour view . .
- not need to track satellite’s motion |than 40 ms
o Altitude: 7000 . - .
~ 90.000 km o Broadcast/multicast capabilities |® Very high path loss hence the
. R(;tational eriod of weakest received signal strength
MEO ’ p e A constellation of satellites
5 — 12 hours . .
o Visibility period of needed for continuous service
ot };llilours in LEO and MEO
: - High ility of M
o Altitude: 600 1500 km * High mobility of MEO and LEO
. . leads to significant Doppler shifts
e Rotational period of . .
. e Most expensive to implement and
LEO about 100 minutes launch. especially the GEO
o Visibility period of et especiatly
about 15 minutes
suall T . .
HAPs Balloon : ;S;C?Ol}llalrmpoweled e Stronger received signal than e Smaller coverage area than SatComs
unmanned repeaters Y the SatComs e Needs refuelling hence reduced
flying at an altitude in e Lower latency than SatComs service provision time
the range of 17-22 km e Powered using e Relatively fast and low cost in
in the stratosphere Lo wered usiig terms of implementation,
Airship solar panels .
e Quasi-stationary deployment, and launching
) o e Capable to fly to a given area
in response to spatial and
o Have to stay in temporal traffic demands
. o e Requires fewer BSs than TN
forward motion for the same area
Aircraft to keep aloft in the air.

e Fly in a circular path
of radius ~ 2 km

e Lower end-to-end delay than
TN for coverage area greater
than 20 km

LAPs

Small, light fuelled
unmanned airplanes
operated at low
altitudes of less
than 10 km above
the earth’s surface

Fixed-wing

o Moves at high speeds
up to 120 km/h

o Capable of lifting
heavy load up to

100 kg

Rotary-wing

e Can remain
stationary in air

e Lift load in the range
of 10 - 50 kg

e Lowest cost

e Basiest and fastest deployment
e Reduced propagation losses
with the ability to establish
clear LoS

e Lower latency than HAPs

e Limited by SWAP, hence have
lowest capacity and flight duration
e Low altitude implies interference
from other UAV aerial BSs,
terrestrial BSs, and UEs

e Mobility leads to Doppler shift

Terrestrial Networks

Cellular (2G,
3G, 4G, 5G)

WLAN

WiIiMAX

Ad Hoc
(MANET,
VANET,
SPAN)

o Is a heterogeneous
network consisting

of macro-, micro-, pico-,
and femtocells

e Users access the radio
network using multiple

RATSs

e Lowest latency
o Rich resources
e High throughput

e Limited coverage

e Vulnerable to disaster

e Difficult to deploy in certain areas
like mountainous areas

e Financial costs may outweigh the
gain when used in sparsely populated
and rural areas

2.3 NTN radio access network architecture

The access network architecture for the NTN proposed by 3GPP [1] is based on whether

the space/aerial payload is transparent or regenerative and whether the link from the UE
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to the space/aerial platform is direct or indirect through a relay node (RN) as illustrated
in Fig. 2.1. A transparent payload performs as a relay, with its function being frequency
filtering, frequency conversion from uplink to downlink, and signal amplification. On the
other hand, a regenerative payload performs the functions of a transparent payload and
also implements demodulation/decoding, switching, routing, and coding/modulation. Such
a payload is considered a next-generation node B (gNB) as it performs the functions of a

base station.

-=.%psparent platform
-

service Iipks

UE - User equipment

gNB - Next generation Node B

GW - Gateway

NGC - Next Generation Core Network
NGc - NG control plane interface
NGu - NG user plane interface

eder link |NR - New Radio

RN - Relay Node

Uu - User Interface

NR(Uu)

data network

(a) Transparent payload has no gNB. Two scenarios: A) UE connected directly to the space/aerial platform
and B) UE connected to the space/aerial platform through the RN.

regenerative platform o @

-

service linkg . gNg ISL/IAL e

ISL - inter-satellite link
IAL - inter-aerial link

Gec/NGu

: N NG6

NGC data network

(b) Regenerative payload consists of gNB. Two scenarios: C) UE connected directly to the space/aerial
platform and D) UE connected to the space/aerial platform through the RN.

Figure 2.1: NTN radio access network architecture.
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The type of gNB functions performed by a regenerative payload is limited by the available
power and mass of the payload. Consequently, the regenerative RAN architecture is further
classified into two types [1]: i) the regenerative architecture with gNB-DU processed load,
and ii) the regenerative architecture with gNB processed load. The gNB-DU processed load
architecture splits the gNB into the centralised unit (CU) that runs the RRC and PDCP
layers of the LTE protocol stack, and the distributed unit (DU) responsible for the RLC,
MAC, and parts of the physical layer. The gNB-DU is thus the payload while the gNB-CU
is located at the GW of Fig. 2.1(b). On the other hand, the regenerative architecture with
gNB processed load does not split the gNB functions.

The radio link from the UE or the RN to the space/aerial transponder is called a service
link, while that from the transponder to the gateways (GWs) is called the feeder link. As
shown in Fig. 2.1, the service link uses the New Radio (NR) interface, while the interface of
the feeder link depends on whether the transponder is transparent or regenerative, with the
former using the NR interface and the latter using the NG (Next Generation) interface. The
NG interface supports the separation of the user plane from the control plane to give the NG
control plane (NGc) and the NG user plane (NGu) interfaces. The NR and NG interfaces
maintain their definitions, principles, and functionality as described in [53], but will have
different RF characteristics that consider the space/aerial platform link constraints.

Based on the definitions above, there are four different architectural scenarios; A and B
are illustrated in Fig. 2.1(a) while C and D are described in Fig. 2.1(b). In scenario A,
a UE connects directly to a transparent payload; in B, the connection is through an RN.

Scenario C considers direct connectivity from a UE to a regenerative payload, and D depicts

36



the connectivity going through an RN. Table 2.2 summarizes the four different NTN RAN
architectural scenarios.

Without loss of generality, the work in this thesis is based on the assumption that the
NTN access nodes are regenerative, and users can connect to them directly. This assumption
is because the work considers a usage scenario of many users whose traffic the TN, including
the relay nodes, can not entirely support. Thus, it necessitates the UE to be able to directly
connect to all ANs, including the NTNs, which should have the capacity to act as gNBs, and

support the TN. Therefore, scenario C is considered in this work.

Table 2.2: Non-terrestrial network RAN scenarios. [1]

. . NTN ]
NTN architecture scenario . Space or Aerial Platform NTN Gateway
Terminal
A: access network serves UEs Transparent, with a Belxlote RE);le Head
. . that relays Uu radio interface signals. Performs
via transparent space/aerial UE - . gNB
frequency filtering, conversion, and
platforms L
amplification
B: access network serves Relay . .
Node via transparent space/aerial Relay Transparent, with a Remote Radio Head oNB
Node that relays Uu radio interface signals

platforms

gNB or relay node that performs frequency
filtering, conversion, amplification, demodulation/ | Router interfacing
decoding, switch and/or routing, coding and to core network

modulation

C: access network serves UEs
via a regenerative space/aerial UE
platform that has a gNB onboard

gNB or relay node that performs frequency
Relay filtering, conversion, amplification, demodulation/ | Router interfacing
Node decoding, switch and/or routing, coding and to core network

modulation

D: access network serves Relay
Node via a regenerative space/aerial
platform that has a gNB onboard
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2.4 Role of non-terrestrial networks in the integrated

network

NTNs are characterised by wide coverage, less vulnerability to physical attacks and natural
disasters, broadcast and multicast features and hence can be used to complement the TN

by enhancing or providing [1, 10, 43, 54]:

e Ubiquitous broadband coverage: NTNs will expand the TN coverage to unserved,
difficult-to-reach, and under-served areas. Moreover, the widely spread-out IoT devices

are envisioned to be connected to the network through NTNs.

e Capacity: NTNs will provide alternative radio access and backhaul links to offload
excess traffic during peak hours or scenarios of an unexpected surge in traffic within a
specific area. For instance, UAVs can easily and quickly be deployed as aerial BSs to
support the terrestrial gNBs through traffic offloading and on-demand high data rate

wireless access during events such as sports and festivities.

e Service reliability: NTNs will ensure continuity in service provisioning to IoT devices
and moving platforms such as high-speed trains, air crafts, and vessels on high seas

following the provision of a large footprint with no need for frequent handoffs.

e Network availability and resilience: NTNs will provide alternative radio access and
backhaul links that will provide service in cases of faults and outages of the terrestrial

network due to physical attacks and natural disasters.
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e Network scalability: Through the broadcast and multicast features, NTNs, mainly
the SatComs, will be used to offload the terrestrial backhaul network by broadcasting

highly viewed data content to the edges of the terrestrial network.

2.5 Related projects

Several projects have been funded to realize the integration of NTNs with TN. This section

briefly highlights some of these projects.

e Satellite and Terrestrial Network for 5G (Sat5G): This is a European Union Horizon
2020 (EU H2020) project that defines optimal satellite-based backhaul and traffic
offloading solutions to support the eMBB 5G service group [44, 55]. It defines four main
use cases in which SatComs can complement the terrestrial network, these being [44]:
i) Delivery and offloading of multimedia content and MEC virtual network function
software to the edge of the network. ii) 5G fixed backhaul to provide 5G services,
especially to areas faced with the difficult deployment of TNs. iii) 5G to premises
providing 5G broadband access to under-served areas/premises using hybrid terrestrial-
satellite connections. iv) 5G moving platform backhaul that provides 5G access to

moving platforms such as aircraft, trains, and vessels.

e Virtualized hybrid satellite-TerrestriAl systems for resilient and fLexible future
networks (VITAL): VITAL is another EU H2020 project that ran from 2015 to 2017.
The project aimed to bring NFV into the satellite domain and leverage SDN to

efficiently manage and optimise the operation of the hybrid terrestrial and satellite
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network [56]. NFV was meant to enable operators to virtualize the satellite network
and offer it to third-party operators or service providers as an Infrastructure as a
Service (IaaS). SDN provides a unified control plane to efficiently manage the TN-
NTN hybrid network’s operation. This project focused on three application scenarios;
satellite virtual network operator services, satellite backhauling, and hybrid terrestrial-

satellite service delivery.

Demonstrator for Satellite Terrestrial Integration in the 5G Context (SATis5): The
SATisbh is a European Space Agency (ESA) project whose aim is to build a proof
of concept test-bed that will deploy, evaluate, and showcase the benefits of satellite
integration with terrestrial networks [57]. The project focuses on the eMBB and mMTC
service groups and mainly looks at the backhaul satellite use case. [58] demonstrates
one of the project’s test beds in which an edge node with packet core functionality can

connect to a central core network through either the satellite or terrestrial backhaul.

Shared Access Terrestrial-Satellite Backhaul Network enabled by Smart Antennas
(SANSA): SANSA is an EU H2020 project aimed at enhancing mobile network capacity
and resilience by proposing spectrum efficient self-organising hybrid terrestrial-satellite
backhaul network [59]. The SANSA use cases include [60]: i) Offering resilience
through backup satellite backhaul links used when terrestrial links fail. ii) Provision
of offloading capability via satellite to avoid terrestrial link congestion. iii) Possibility
of low-cost new node deployment on the fly. iv) Content delivery network integration.

v) Remote cell connectivity.
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e NETwork of Stratospheric Platforms for Traffic Monitoring, Environmental Surveil-
lance and Broadband Services (HeliNET): The HeliNET project was funded by the
EC’s 5th framework program. It ran from January 2000 up to March 2003 with
deliverables including developing a scale-size plane HAP that can provide broadband

communication, environmental monitoring, and remote sensing [61, 62].

e Communications from Aerial Platform Networks Delivering Broadband Communica-
tions for All (CAPANINA): CAPANINA was a continuation of the HeliNET project,
funded by the EC’s 6th framework program from November 2003 to January 2007. The
project aimed at investigating and validating the use of HAPs in delivering broadband
backhaul to hard-to-reach areas and high-speed trains moving up to 300km/h with

onboard WiFi access points [63].

Most of the projects discussed above focus on providing either a backup or parallel
space/aerial backhaul link similar to scenario B discussed in Section 2.3. Moreover, they
do not consider the integration of all the RANs that constitute the ITNTN, i.e., the TNs,
LAPs, HAPs, and SatComs; hence, they do not consider their different peculiarities in
meeting contrasting user QoS requirements. On the contrary, the work proposed in this
thesis considers a multi-mode UE capable of direct connectivity to either the terrestrial or
NTN access node acting as a gNB, as shown in scenario C of Fig. 2.1(b). Consequently,
multiple links from the wireless network will be available to the UEs, including terrestrial
links, satellite links, and aerial links, as illustrated in Fig. 1.1. As already highlighted is
Section 2.1, these different RANs are characterised with various constraints and capabilities
towards meeting the diversified requirements of the 6G user groups. The challenge then is
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how to efficiently map users having heterogeneous QoS demands to the appropriate RAN of
the ITNTN. Hence, radio resource management algorithms and schemes play a vital role in

the realisation of the ITNTN.

2.6 Radio resource management (RRM) in the ITNTN

RRM ensures efficient resource allocation and QoS provisioning given multi-class traffic with
diverse requirements in the presence of different network constraints and parameters such as
path loss, limited spectrum, fading, and thermal noise [9]. The purpose of RRM, therefore, is
to either maximise certain performance parameters such as network throughput, bandwidth
utilisation, and achieved revenue or minimise other parameters like end-to-end delay, delay
jitter, and packet loss, subject to certain constraints such as minimum achieved data rate of a
user, maximum available power at the AN, maximum call dropping (or blocking) probability

or (and) minimum signal-to-noise ratio [9, 64].

2.6.1 RRM frameworks

RRM can be grouped into three sections, namely [64]:

i) Frequency/time/space resource allocation: This category comprises functions like
channel allocation, scheduling, beam and bandwidth allocation, transmission, and
coding rate control [9]. Frequency resources are in the form of sub-channels, and time
resources are in the form of timeslots. In contrast, space resource allocation is a form of

frequency reuse to achieve spatial separation using MIMO and beamforming techniques.
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ii)

Frequency and time resources can be used concurrently. For instance, the physical
resource block (PRB) defined by 3GPP for 5G NR interface [53]. The PRB represents
the smallest time-frequency resource unit allocated to a user. It occupies one timeslot of
0.5 ms, consisting of 7 OFDM symbols and 12 sub-carriers, each with a bandwidth size
depending on the chosen sub-carrier spacing. Unlike LTE which had only one possible
sub-carrier spacing of 15 kHz, the 5G NR introduces scalable numerology that allows
sub-carrier bandwidth/spacing to vary ranging from 15 kHz and 480 kHz according
to Af =2 u=0,1,2,3,4,5 [65]. Since the different RANs in the ITNTN may use
different resources, we shall use the basic bandwidth unit (BBU) to represent a unit of
radio resources [66] in this work. Therefore, no matter the radio resource used in any

RAN of the ITNTN, the system capacity will be represented in terms of bandwidth.

Power allocation and control: Power allocation and control are critical, especially in
interference-limited networks like code division multiple access (CDMA), where users
use the same frequency for signal transmission [67]. The total network interference
always limits the number of users admitted in such networks, and as such, power control
is necessary to increase network capacity [67]. Moreover, economic and environmental
factors limit an access node’s transmit power since an increase in energy consumption
increases operator expenditure and greenhouse emissions. Besides, power control has
been effectively used to solve the near-far problem experienced by users located at
varying distances from the BS and concurrently transmitting on the same frequency
[68]. Without power control, the nearby UE overshadows signal transmissions from the

far UE, reducing the equivalent network capacity.
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iii) Call admission control (CAC) and handover: CAC is used to either grant or deny access
of new calls to the network. CAC controls congestion of the network and all its associated
effects, such as an increase in packet loss, end-to-end delay, delay jitter, handoff failure
rate, and service degradation of existing users. This is achieved by restricting access
of new calls to the network depending on resource availability and loading conditions.
If available resources satisfy the QoS requirements of a new call without degrading the

QoS of existing calls, then the call is admitted, otherwise, it is rejected.

This thesis focuses mainly on user association/scheduling, channel allocation, and power
allocation. Chapters 3, 4 and 5 are focussed on user association and resource allocation in
terms of BBUs, while Chapter 6 associates users to the appropriate network and allocates
them both BBUs and power. As the ITNTN consists of RANs that could be managed
independently, the works in literature, however, prove that the radio resources of the different
RANSs of the ITNTN can best be managed jointly [69, 14, 70, 19, 71, 20, 15]. Following
the benefits of joint resource management, as highlighted in the next section, resource

management for the different RANs of the ITNTN will be carried out jointly in this work.

2.6.2 Benefits of joint resource management

Joint management of the different RAN radio resources in the ITNTN presents benefits

highlighted in this section:

i) Overall QoS enhancement: NTNs provide additional radio resources that complement
the TNs in providing broadband access, especially during traffic peaks. Moreover,
since an NTN access node offers wider coverage than the TN BS, NTNs guarantee
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ii)

iii)

continuity and reliability in service provisioning of highly mobile applications through
reduced handoffs. Therefore, joint management will ensure a user’s association with the

appropriate RAN, depending on the user’s requirements.

Efficient resource allocation and utilisation: The TN is endowed with a rich pool of
resources resulting in high data rates and low latency compared to the NTNs, especially
the SatComs. Therefore, many users would prefer to associate with the TN, even when
the NTNs can meet their QoS requirements. However, user demands are expected
to rise beyond what the TN can sustain. Moreover, the HAPs and UAVs that have
a comparably low latency as the TN are limited by capacity [50]. Therefore, joint
resource management of the ITNTN is needed to ensure efficient resource allocation
and utilisation, dependent on RANs’ capabilities, limitations, loading, and user QoS

requirements.

Interference management: Two types of interference will exist in the ITNTN: cross-
tier and co-tier. Cross-tier interference occurs between different tiers, for instance, the
downlink (DL) of a TN UE experiences cross-tier interference from the HAP, UAV, and
SatComs DL transmissions. On the other hand, co-tier interference occurs within a
tier, for example, when a TN DL is subjected to interference from other TN BSs. Joint
resource management facilitates total network capacity maximisation subject to SINR
constraints. Moreover, it aids appropriate power allocation and control schemes that

mitigate interference.
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iv) User fairness management: The RANs in the ITNTN have different capabilities and
attributes. To ensure fairness in QoS provided to the various users accessing the ITNTN
through different RANSs, joint management of resources is necessary. Each user in the

network should be guaranteed at least the minimum QoS, irrespective of the RAN used.

v) Enhanced network resilience: Joint management of resources will enable NTNs to
automatically provide backup access links in case of faults or outages of the TN due to

natural disasters and physical attacks.

2.6.3 RAN selection in heterogeneous networks

In a heterogeneous network such as the ITNTN, RRM schemes are required to select the
best-suited RAN that supports the QoS requirements of incoming new and handover calls.
Users can connect to any of the available RANs and freely roam from one to another using
either multi-mode or multi-homed devices embedded with multiple RAN interfaces. Multi-
mode UEs can only connect to a single RAN for a particular call /session at a time. Switching
to another RAN for such devices implies that the ongoing call must first be broken. On the
other hand, multi-homed terminals can change in-between networks for a single call (IP
mobility) and are also capable of transmitting data from a single session through multiple
access networks (multi-homing) [72]. Nonetheless, multi-mode and multi-homed UEs in
a multi-access network must be connected to the most appropriate RAN anywhere and

anytime.
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The critical questions to ask in the design of RAN selection algorithms are: i) Who
makes the RAN selection decision? and ii) Which criteria or attributes are used in the RAN

selection process? This section is dedicated to answering these questions.

2.6.3.1 RAN selection decision maker

The decision to associate a user to a particular RAN node deemed the most appropriate
among many alternatives is either user-centric [73, 74, 75, 76, 77] or network-centric [78, 79].

In the user-centric approach, the UE selects the best RAN based on several criteria
such as received signal strength, user preferences, potential power consumption, user service
subscriber profile, and capability of RAN to support the ongoing applications [80]. While
the user-centric approaches provide customized individual performance with less overheads,
knowledge of network conditions is unknown, resulting in inefficiency. To enhance their
performance, they are assisted by the network [74, 75, 76]; the so-called user-centric network-
assisted algorithms. In these algorithms, the network shares its conditions, such as network
load, price, available bandwidth, and latency, with the UE, which then makes a final network
selection decision taking into account the network parameters, measured link conditions,
user preferences, and service requirements. Along the same lines, 3GPP defined the network
access network discovery and selection function (ANDSF) [81], whose purpose is to avail UEs
with access discovery information and operator-based policies necessary for RAN selection in
a multi-access environment. An example of such policies is the inter-system mobility policy
used by a multi-mode UE to decide when inter-system mobility is allowed or restricted

and to select the most preferred access network to access the evolved packet core. The
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UE, therefore, makes the final RAN selection decision based on its link measurements, user
preferences, and network policies. Artificial Intelligence (AI) has also been introduced in
user-centric approaches [77]. The UE is equipped with intelligence to learn and predict
time-varying network and link conditions, thus customizing network selection based on its
requirements.

The above two user-centric approaches yield sub-optimal global performance, which can
be improved through network-centric strategies. These schemes foster efficient management
of the scarce and limited radio resources of the available RANs. Consequently, the network
decides the RAN to serve a UE based on parameters such as network load, BS coverage
area, user’s subscription profile, mobility, and signal strength indicator. Network-centric
approaches can be distributed across BSs or may utilise a central entity that manages network
selection decisions across several cells or RAT's [82]. Though they may reduce user QoE given
that user preference is usually not a priority, network-centric approaches result in optimal
performance since they maintain a global view of the network conditions.

In this thesis, Chapters 3, 4 and 6 utilise a network-centric approach for user association
and resource allocation in the ITNTN. In contrast, Chapter 5 introduces Al in the
user association process to enable user-centric network-assisted real-time decision-making.
Table 2.3 summarizes the characteristics of user-centric, user-centric network-assisted, and

network-centric decision-making schemes.
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Table 2.3: Network selection decision making schemes.

Scheme

Characteristics

Advantages

Disadvantages

User-centric

UE makes network
selection decision

e User satisfaction
e Low overheads

No knowledge of network
conditions leading to:

e Load imbalance thus
inefficient utilisation of
resources

e Increased call blocking
and dropping probability

e Successful connection

not guaranteed, the selected
network may prefer to serve
more valuable users

User-centric
network assisted

UE makes decision
assisted by information
broadcasted by the
network

e Better decision making
than user-centric, taking
into account network
conditions, hence more
efficient resource utilisation
e User satisfaction

e Increased overhead

e Possibility of network
masking their conditions

as they are interested in
making more revenue

e Successful connection not
guaranteed as the selected
network may prefer to serve
more valuable users

Network-centric

Central entity in the
network manages

e Efficient control of
limited and scarce
network resources

Centralised | network selection
decision
Network selection
distributed at the BSs
Distributed with direct interfaces

between BSs

and load balancing

e Complex and requires
higher signalling and
computation overheads

e Increased response time
and delay

e User preference not a
priority hence the
possibility of reduced
user QoE.

2.6.3.2 RAN selection decision criteria

Traditionally, RAN selection is based on received signal strength or signal to noise ratio

(SNR) threshold and hysteresis values as described in [82]. The authors looked at network

selection in integrated WiFi and LTE networks. Because users naturally prefer to connect

to the cheapest network, provided it offers reliable communication, the UEs continuously

monitor the SNR of signalling messages received from neighbouring WiFi access points.

Once the SNR exceeds a predefined threshold, the UE steers traffic through the WiFi RAN,

otherwise, the LTE network is used.
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These algorithms are, however, inefficient in a multi-access network. They do not factor
in users’ preferences, application requirements, and network conditions such as loading,
leading to a high probability of incorrect decisions. Network selection in a multi-access
network is a multi-criteria decision problem that must consider the inherent heterogeneity
of available RANs, service applications, and user preferences. It necessitates the formulation
of a utility function u(j, C,v) that expresses the capability of a RAN j in satisfying the QoS
requirements of the service group v given a set C of different considerations/criteria. The
objective of the network selection algorithm, therefore, is to either maximise or minimise the

utility function subject to certain conditions as illustrated by

max  u(j,C,s) (2.1)

subject to j € A(C,v),

where A(C,v) is the set of RANs available to serve a service group v call/session request
given a set C' of different criteria. The solution to (2.1) is the best RAN that satisfies the
user’s QoS requirements [83]. Fig. 2.2 illustrates the network selection decision-making
process.

The different criteria to consider in RAN selection in a multi-access environment can be

classified into four main categories [84] as illustrated by Fig. 2.2:

e Network based: This category includes parameters that describe the wireless network
characteristics such as network load, pricing scheme, monetary cost, security, coverage,
available bandwidth, and received signal strength indicator.
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e Application requirements: This includes parameters related to QoS requirements of
the diverse user applications, expressed through performance metrics such as expected
minimum data rates, maximum delay, maximum jitter, maximum allowable bit error
rate, and packet loss. For the network to satisfy contrasting QoS requirements from
different applications, traffic is classified into service groups, with each comprising user

requests with the same QoS needs.

e User preferences: Different users have different preferences. One may put more
emphasis on the cost of the service, while another is concerned about a high-quality
application. For example, a real-time user may select a network with high data rates
to achieve high service quality. In the same way, a non-real-time user may opt for a
network with high data rates to reduce service delivery time. Metrics used to factor in
user preference are service price, battery power consumption, security level, and data

rates [85].

e Device-based criteria: UEs have different capabilities in terms of mobility, capacity,
CPU, battery power, and supported interfaces. Some can only connect to one RAN at

a time for a session, while others can distribute a session’s traffic to multiple RANS.

The criteria used for network selection in this thesis fall into all four categories described
above. The problem formulated in Chapter 3 and the corresponding solutions consider
network-based criteria by taking into account the access nodes’ available resources and
cell coverage. Moreover, application requirements are also considered by guaranteeing the

minimum required data rate for data-intensive applications and ensuring the minimum data
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Figure 2.2: Network selection decision making process.

rate that guarantees a specified bound on the delay violation probability is satisfied for the
delay-sensitive users. Also, user preference is addressed since the objective of the static users,
as will be seen in Chapters 3 — 6, will be to maximise their data rate. In contrast, mobile
users will prioritise minimising the probability of handoff. Concerning device-based criteria,
this work considers only multi-mode UE; thus, the devices can only connect to one access

node at a time.
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2.6.4 Literature review on RRM for the ITNTN

This thesis considers the user association and resource allocation problem in the I'TNTN,
which several works have recently addressed. This section describes the related work and

gives the research gap this thesis seeks to address.

2.6.4.1 Related work

The authors in [69] propose a user association and resource allocation problem that
maximises the overall sum rate of an integrated terrestrial and UAV RAN with macro
BSs and satellite backhaul links. The authors supplement this work in [14] by considering
the limited life endurance of UAVs and the energy consumption costs of the access nodes.
However, the work did not consider the satellite as an access node but as a backhaul link.
Neither were HAPs considered in this integration. Therefore, the authors did not consider
the idea of having space (satellite), and aerial (LAPs and HAPs) nodes complement the TN
in providing radio access to users. Moreover, the work did not account for how the different
user requirements were to be met.

In [70], the authors propose a load-balancing algorithm for an integrated terrestrial and
satellite network. They define the radio resource utilisation ratio as a metric measuring each
cell’s load status and group traffic into delay-sensitive and delay-tolerant. Traffic from an
overloaded terrestrial cell is offloaded first to neighbouring terrestrial cells and then to the
satellite cell. Only delay-tolerant traffic is offloaded to the satellite network. However, for
6G networks to have an effective and efficient resource allocation scheme, traffic can not only

be classified into two but in different use cases that effectively capture all future network
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demands. Moreover, this work associates users to the non-terrestrial network only when the
terrestrial network is overloaded. Besides, the authors did not consider other NTNs, such as
LAPs and HAPs, nor did they consider power constraints.

In [19], the authors jointly optimise resource allocation, user association of both
access and backhaul links, and HAPs’ locations to maximise users’ throughput in an
integrated satellite, airborne and terrestrial network. These authors neither considered
the heterogeneous user QoS requirements nor the different limitations of the networks in
the integration. The authors in [71] propose a joint algorithm that optimises resource
allocation and user association to a terrestrial macro base station (MBS) and multiple UAVs
mounted BSs using in-band wireless backhaul. However, the authors only consider UAVs
and TNs in their analysis and do not account for the provisioning of the different use-case
QoS requirements.

The authors in [20] propose an algorithm that maximises the energy efficiency of an
integrated satellite/terrestrial cache-enabled RAN. The LEO satellites and terrestrial APs
provide users with content distribution and retrieval services, thereby offloading such traffic
from the MBS. The work does not consider the implementation of an integrated terrestrial-
aerial-space RAN. Neither does it address QoS provisioning to different use cases, as it
considers only one service: content distribution. In [15], the authors propose an optimisation
problem that maximises the network capacity while ensuring QoS in terms of minimised
interference between many users in an integrated terrestrial and satellite network. The work

fails to distinguish users according to their different QoS requirements, such as data rates
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and does not guarantee that these QoS demands are satisfied. Besides, it assumes that all
the available networks can support all different users.

The authors in [86] maximised the minimum ergodic achievable rate of a user-UAV link.
This work optimises only the UAV RAN and not the entire integrated terrestrial-satellite-
UAV RAN. Besides, the work did not incorporate QoS provisioning of the different use cases.
The authors in [21] first optimise multi-beam dynamic radio resource allocation for LEO-
ground downlinks and after optimise dynamic resource allocation for HAP-ground downlinks
when LEO satellites and HAPs share the same spectrum. This work does not consider
joint resource management of the different tiers, as it optimises the resource allocation of
each tier separately. The authors in [17] propose a traffic offloading scheme that takes into
account the heterogeneity of user demands. The optimisation algorithm first maximises the
eMBB use-case data rate, subjected to stringent outage probability for the uRLLC use-case.
The algorithm then maximises the emBB traffic offloaded from the TN access node to the
SatComs backhaul while the uRLLC traffic is channelled through the TN backhaul. This
work does not consider using SatComs directly for radio access, nor does it incorporate the
UAVs in the radio resource management.

The authors in [87] proposed a network selection scheme for integrated terrestrial and
drone cell networks that maximised proportional fairness of data rates across all users
under coarse correlated equilibrium and minimum data rate constraints. However, this
work did not consider service-differentiated provisioning and only integrated the UAV and
MBS networks. The authors in [88] propose an algorithm that jointly optimises network

selection, transmit power of aerial and vessel-enabled BSs, and aerial BS position in the
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hybrid satellite-UAV-terrestrial maritime network. The network utilises the satellite and
terrestrial BSs for backhaul. While the work guarantees the user QoS in terms of data
rate, it does not address differentiated service provisioning. It thus does not investigate the
peculiarities faced by the different networks in meeting the contrasting demands of users. In
[89], the authors propose a content service-oriented resource allocation scheme for a space-
air-ground integrated network (SAGIN). They utilise a three-sided matching algorithm to
determine the optimal matching between users, content sources, and the space-air-ground
network facilities. However, this work does not consider the strengths and limitations of the
different networks in the SAGIN towards meeting the heterogeneous user demands, nor does
it analyse differentiated service provisioning.

Machine learning approaches have also been adopted to introduce intelligence and thus
facilitate automation in solving optimisation problems in the ITNTN. The authors in [90]
elaborate on how machine learning can solve four main problems in the I'TNTN: resource
management, attack detection, security authentication, and target recognition and location.
Furthermore, in [91], the authors study the challenges of resource optimisation in the
ITNTN due to the heterogeneity of the integrated network. They propose a traffic control
solution based on convolutional neural networks that optimises path combinations for the
satellite communication system. However, both references [90] and [91] do not consider user
association issues, which the current thesis addresses.

On the other hand, the work in [92] utilises ensembling DNNs to optimise the user
association in the integrated space-HAPs-ground networks. In [93], the authors propose a

multi-armed bandit approach that maximises user fairness while minimising the loading at
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the base stations in the integrated satellite-UAVs-ground network. The upper confidence
bound approach is utilised to optimise UAVs’ joint 3D trajectory design and resource
allocation. The authors in [94] propose a user association and power control multi-agent
scheme based on a multi-agent deep deterministic policy gradient approach aimed at
maximising the total energy efficiency of the system. The authors supplement this work
in [95] by developing a deployment method of local cache pools to achieve lower time delay
and energy efficiency in the terrestrial-satellite network.

The authors in [96] propose a centralised learning and distributed execution DRL
algorithm for NTNs. In the proposed scheme, users are associated with NTN BSs in a manner
that enhances the long-term system throughput and minimises handoffs. The authors in [97]
formulate a joint computation offloading and resource allocation problem in a mobile edge
computing (MEC) enabled integrated aerial-terrestrial vehicular network. The problem is
solved by utilising a multi-agent double DQL solution. Similarly, in [98], the authors propose
a DRL scheme for resource allocation of vehicular networks served by NTNs. In the scheme,
both the satellite and ground vehicles act as agents that collaborate to determine the resource
allocation decisions.

In [99], the authors propose a distributed relative value iteration approach that schedules
user uplink transmission through an aerial or a terrestrial BS to minimise the long-
term average user transmit power. In [100], the authors propose a network control and
resource allocation problem for massive IoT in the space-terrestrial integrated network. The
problem is solved using deep actor-critic RL. The authors in [101] investigate a joint user

association, channel allocation, and transmission power control problem in a UAV network
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with constrained backhaul links. The problem is formulated to maximise the system utility,
which depends on the downlink data rate and transmission cost in terms of the UAV’s energy
and backhaul bandwidth needs. Multi-agent hybrid DRL algorithm is utilised to solve the
problem. All the works in [92, 93, 94, 95, 96, 97, 98, 99, 100, 101] do not consider the
integration of all the four RANs in the ITNTN. Moreover, they do not account for user QoS
provisioning according to heterogeneous service groups nor examine the uniqueness of the

different RANs in the ITNTN in meeting the contrasting user requirements.

2.6.4.2 Research gaps

To the best of our knowledge, the main gaps in the state-of-the-art literature that this thesis

has addressed are:

i) The integration of all four networks, the TN, LAPs, HAPs, and the SatComs, to provide
radio access to multi-mode users. This thesis seeks to find efficient dynamic radio access
user association and resource allocation schemes for an ITNTN comprising the TN, LAP,
HAP, and SatComs access nodes. It thus investigates scenario C discussed in Section
2.3, in which a multi-mode user equipment can access the network through the TN and

all NTN access nodes.

ii) Consideration of the heterogeneity in user QoS requirements in the user association and
resource allocation framework for the ITNTN. This thesis leverages differentiated service
provisioning, a salient feature of 5G that allows the classification of various user services
into different service groups (use-cases), with each service group comprising services of
related attributes and priorities [102, 103]. This work considers three service groups:

58



iii)

feMBB, euRLLC, and LDHMC. The feMBB service group comprises data-intensive
users demanding multimedia content and services such as high-definition and ultra-high
definition video streaming. On the other hand, the euRLLC consists of mission-critical
services requiring high availability, reliability, and low latency, such as remote surgery,
autonomous vehicles, and factory automation. Lastly, the LDHMC use case consists of
highly mobile applications requiring reliable connectivity and high data rates. Moreover,
the user association and resource allocation schemes proposed in this work are priority-
aware and, as such, associate and serve users according to the priorities of their service
groups. In this work, the euRLLC users are prioritised over other users to avoid their
denial of service, which could be catastrophic. However, the priority can also be based

on other factors, such as the use case that yields more revenue to the operator.

Consideration of the unique features and limitations of the different RANs of the ITNTN
in meeting the contrasting user requirements. Since the RANs in the ITNTN are
characterised by different strengths and limitations towards meeting the heterogeneous
user QoS demands, user association and resource allocation algorithms should be
cognizant of these peculiarities. To this end, unlike the works in literature, this thesis
prioritises the association of mobile users to access nodes with the largest cell radius to
minimise mobility-induced handoffs and thus provide reliable connectivity for the mobile
LDHMUC service group. Also, since the SatComs is characterised by long propagation

delays, access to this RAN by the mission-critical euRLLC users is restricted.
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iv) Finally, the use of Al to associate users in real-time to the appropriate RANs of the
ITNTN in a manner that harnesses the different RAN characteristics in an optimised

way to meet the QoS requirements of divergent service groups efficiently.

Subsequently, Chapter 3 formulates a user association and resource allocation problem that
addresses the identified gaps 1)-iii), while Chapters 4 and 5 give the solutions to this problem,
with Chapter 5 focusing mainly on the Al solution that addresses gap iv). Since the problem
defined in Chapter 3 focuses on achieving a spectrum-efficient network, this problem is
reformulated in Chapter 6 to achieve an energy-efficient network while still addressing the

gaps i)-iii) identified in the existing literature.

2.7 Chapter summary

The integration of the TN with NTNs has been envisioned to enhance wireless coverage and
capacity and increase network availability and reliability. This chapter described the ITNTN
architecture and elaborated on the different architectural scenarios for radio access using the
NTNs. In addition, the role of the NTNs in the integration was elucidated, and a couple
of projects carried out over the years to realize the integration of the TN with NTNs were
described. Furthermore, the need for efficient RRM algorithms to map users having different
requirements to the heterogeneous RANs of the ITNTN was recognized, and the different
RRM frameworks and network selection considerations were discussed. As this thesis focuses

on the user association and resource allocation aspect of RRM, a detailed literature review
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on the same concerning the ITNTN was given, and the gaps that the thesis seeks to address

were identified.
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Chapter 3

A Novel Service-Aware User
Association and Resource Allocation

System Model and Problem

Formulation

Integrating the TNs with NTNs to provide radio access as anticipated in the B5G networks
calls for efficient user association and resource allocation (UARA) strategies. In this chapter,
we present the deployment scenario of the ITNTN, the user mobility, channel and signal
quality models, and assumptions considered in this thesis. Based on this scenario, a UARA
problem is formulated and consequently solved as two sub-problems: the user association

and resource distribution sub-problems.
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3.1 Introduction

The B5G networks are anticipated to support different service groups characterised by
contrasting QoS requirements. According to [3], the service groups envisioned to be
supported by 6G include ultra-massive machine-type communications (umMTC), further
enhanced mobile broadband (feMBB), enhanced ultra-reliable and low-latency communica-
tions (euRLLC), long-distance and high-mobility communication (LDHMC), and extremely
low power communications (ELPC).

The different RANs in the ITNTN are characterised by divergent strengths and
limitations toward meeting the demands of the envisaged heterogeneous users, necessitating
efficient radio resource management schemes. Consequently, this chapter addresses the
UARA problem, focusing on efficiently mapping users with diverse QoS requirements to the
appropriate RAN of the ITNTN. In particular, and similar to [14, 15], the work considers the
usage scenario in which there exists a large number of users whose traffic cannot be entirely
supported by the TN RAN, for example, in an urban area during a carnival event. Such a
usage scenario necessitates the deployment of NTNs to decongest and support the TN RAN
in providing radio access to the different users. Three service groups are considered: the
data-intensive feMBB, the delay-sensitive enRLLC, and the mobile LDHMC service groups.
The UE in this integrated network is regarded as a multi-radio terminal that can access either
the terrestrial access network or the space/airborne communication networks, including the
SatComs, HAPs, and LAPs. Without loss of generality, the NTN access nodes (ANs) are

assumed to be regenerative, and users can connect to them directly.
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The UARA problem is formulated as a multi-objective optimisation problem (MOOP),
maximising the total network data rate while simultaneously prioritising large coverage NTNs
over the TNs for service provisioning of the mobile LDHMC service group to minimise
mobility-induced handoff probability. The MOOP is constrained to a limited resource budget
and user QoS requirements. Moreover, given that denial of service to the euRLLC service
group may result in catastrophic events, the optimisation problem is priority-aware, such
that service provisioning of this service group over others can be prioritised. However, the
priority can also be based on other factors, such as the use case that yields more revenue
to the operator. Besides, since long propagation delays characterise the SatComs ANs, the
problem limits access of the euRLLC users to these ANs. The MOOP is simplified and
transformed into a weighted sum single-objective optimisation problem (SOOP). However,
the SOOP is combinatorial, making it NP-hard, and thus, it is exponentially complex and
mathematically intractable to obtain its optimum solution.

The complexity of the SOOP is reduced by decomposing it into two sub-problems: i) the
user association sub-problem that associates users to appropriate ANs and further allocates
them the minimum resources required to meet their QoS requirements, ii) the resource
distribution phase that allocates the unallocated resources, if any, after the user association
phase. The resource distribution phase is carried out to further improve the total network
data rate. However, this phase is optional since once a user receives enough resources
to satisfy its QoS requirements, allocating more resources may translate into spending

unnecessary power [104].

64



A service-aware greedy algorithm is proposed to solve the problem in the user association
phase. Moreover, to demonstrate the relevance of differentiated service provisioning and
consideration of the RANs’ different capabilities and limitations in resource management
of the ITNTN, the performance of the proposed service-aware algorithm is compared with
the service-unaware algorithm. The service-unaware algorithm does not consider the: i)

heterogeneity in user traffic types and ii) uniqueness in the capabilities and limitations of

the ITNTN RANS.

3.2 System model

This section describes the deployment scenario, mobility model, channel model, signal quality
model, and assumptions considered in this work. The notations used to define the problem

are presented in Table 3.1.

3.2.1 Deployment scenario

A downlink transmission of an integrated communication network consisting of four RANs,
namely, the MBS, LAP, HAP, and the LEO SatComs, as depicted in Fig. 3.1, is considered.
An AN in the MBS RAN is indexed as b € B while that in the LAP RAN is denoted as
l € L. Similarly, a HAP AN is represented as h € H while the SatComs AN is indexed as
s € S. A RAN in the ITNTN is denoted by j € {B, £, H,S}, while an AN in the j-th RAN
is represented by n;. Similar to [105, 106, 107, 108], this work is premised on the assumption

that each UAV AN n; € {[,h} is stationary or quasi-stationary with negligible mobility.
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Table 3.1: Notations defined in Chapter 3.

Symbol Description

b,l,h,s MBS, LAP, HAP, SatComs AN

B,L,H,S Set of ANs in the MBS, LAP, HAP, SatComs RAN
J.nj A RAN, AN in the j-th RAN

u The set of users in the ITNTN

v, €, R, D A use-case, feMBB, euRLLC, LDHMC use-case
u., u,, U, Set of users demanding £, R, and D, respectively
U, Uy, Uy, Uy User, An feMBB, euRLLC, LDHMC user

W, Set of basic bandwidth unit (BBU) owned by RAN j
w A BBU owned by RAN j

7:Uj, P, Bandwidth of a BBU w;, bandwidth of an AN n;
N Set of all ANs in the ITNTN

Altitude, cell radius, ground coordinates of n;

User u coordinates

dnj’u, On;u Distance, elevation angle from user v to AN n;

hnj ) T, MBS height, loss due to shadow fading

PL”jv“ij D, Path loss, channel gain, data rate, of a user u using BBU w;
Co w05 of AN n;

Yoy ugry s Do ug g SINR, transmit power of a user u, using BBU w; of AN n;

fnj,wj ? an,uq,wj

Carrier frequency, small-scale fast fading

ProbtoS ProbflV ,L;S
il

LoS probability, NLoS probability

T,y ’ Environmental constants used for UAV path loss model

PLf;iw. , PLfLVLu"i LoS path loss, NLoS path loss

NLoS, m\]]LoS JJ Additional loss in a UAV LoS, NLoS propagation

CL,PLF PL¢, PLY Loss due to clutter, atmospheric gases, scintillation, building
entry.

Lo s W ww Mo wsnb * User association variable, resource allocation variable,

J j j ' nj

coverage index, minimum required number of BBUs

01, 02,0 Normalisation factors

CYins Rimaz Service group v minimum data rate, the largest possible cell
radius in the ITNTN

e User priority factor, objective function trade-off factor

Userved A set of served users

Uyssociated A set of users for which p =1

nj,u

Immobility of UAVs is assumed to avoid disconnections due to the UAV AN moving out of

coverage of already connected users, some of whom could be mission-critical. Consequently,
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Figure 3.1: System model.

we assume to use the rotary-wing LAPs and balloon or airship HAPs that can remain quasi-
stationary [23, 47]. Moreover, we assume that the placement of the UAV ANs has already
been optimised to cater to the usage scenario in which there is a large number of users, say
in an urban area, during a carnival event.

The system provides downlink communications to a set of users U = {1,2,3,...,|U|}
and supports three use-cases namely: feMBB, euRLLC, and LDHMC, denoted by &, R,
and D respectively, such that v € {€,R,D}. Users demanding use-cases £, R, and D are
grouped in sets denoted by U,, U, , and U, respectively, such that, u, € U,, u, € U,
u, €U,, U=UU U, U U, and U, N U, N U, = (. Without loss of generality, the
U, and U, users are assumed to be static while the U, users are mobile. An example of
a static use-case belonging to the U, service group is remote surgery within a hospital or

private clinic in the considered urban area. Also, a user u € U is assumed to be embedded
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with multiple RAN interfaces and thus can access any of the available RAN j € {B, L, H,S}
within its coverage.

Since the different RANs in the ITNTN may have different multiple access schemes such
as OFDMA, TDMA, and FDMA, the BBU is used to represent the unit of radio resources
as was done in [66]. Therefore, no matter what access technique is used, the system capacity
is represented in terms of bandwidth. Furthermore, spatial multiplexing involving multiple-
users multiple-input single-output (MU-MISO) or multiple-users multiple-input multiple-
output (MU-MIMO) is out of the scope of this work and can be considered in future work.
Therefore, as was done by [35], the AN and UE are both considered to have a single antenna,
with the AN transmitting data via different BBUs to the intended connected users. Similar
to [42], this work assumes shared spectrum mode, such that all ANs that belong to the same
RAN j own the same set W; of BBUs. A BBU w; € W; has a bandwidth denoted by 7.,
while the bandwidth of an AN n; € N where N ={B U £ U H U S} is represented as
Py

Furthermore, as was done by [19], we make the following assumptions: i) A user v € Y can
associate with at most one AN. ii) For simplicity, the different RANs use frequencies sparsely
separated from each other, thus have no cross-tier interference. iii) Intra-cell interference on
the downlink between users associated with the same AN is negligible, as it can be effectively
controlled through multiple access techniques. iv) Co-tier interference exists, where a user
receives signals from different ANs in the same RAN. This interference is added to the

thermal noise in the SINR expression.
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The system model used for the LEO SatComs RAN is adopted from [20]. A LEO
satellite follows a specific pattern in which it periodically serves one area followed by another.
Consequently, in this work, we assume that each non-overlapping area depicted in Fig. 3.1
is served by one LEO satellite for a given time. Hence, a user in a given location can access
only one satellite at any given time. As an illustration, let us consider each LEO satellite’s
view time of any given area to be t. Then if LEO 2 starts to view area 2 at time ¢, this
view continues until a time t; + ¢, after which service provisioning of area 2 is handed over
to LEO 1, which views from t; + ¢ until ¢; 4+ 2¢t. Handover from one satellite to another is
assumed to be managed by the Network Control Center [20]. This handover process is out
of scope and thus shall not be considered in this work. As the entire considered terrestrial
area is under coverage by a single satellite during its service period, the satellite guarantees
seamless coverage of the terrestrial RAN, irrespective of its mobility. Moreover, in practice,
thousands of LEO satellites are deployed, for example, in the Starlink project, implying
that a particular area can be covered by multiple LEO satellites simultaneously [109, 18].

Therefore, the mobility model of the satellite shall not be considered in this work.

3.2.2 User mobility model

Due to its simplicity and analytical tractability, the random walk mobility model [110] is used
to imitate the LDHMC users’ movement patterns. In each new transmission interval £, a user
up, € Uy, chooses a direction §, € [0 27] that is randomly and uniformly distributed. In the
same manner, the user’s speed VJD € [Vinin  Vinaz) is randomly assigned following a uniform

distribution, with V,,;, and V., being the minimum and maximum velocity respectively,
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that a user can have. Considering the user’s location in time interval ¢ as (z,_(t),y, (%)),

then the location (z, (t+1),y, (t+1)) in interval ¢ + 1 is given by

t
z, (t+1) =z, (t)+ "2 % Dppag X cos 6!

¢

“D Vm(lz D
t

Y, t+1) =y, )+ Vm; X Dipaq X sin HZD,

(3.1)

where Do, is the maximum distance that can be moved by a user in a given flight interval.
We consider LDHMC users to move within the LEO satellite coverage area, assumed to be

5 km, such that they are reflected off the boundary of the circular region.

3.2.3 Channel model

The ground location of any AN n, € {B U L U H U S} is represented by g, = {[z, , ynj]T €
R?}. In this case, for the NTN ANs, 9o, is their projection on the ground. On the other
hand, the coordinate of a user u € U is given by g, = {[z,,v,]T € R?|u € U}. Consequently,

the distance d, , from an AN n; € {B U L UH U S} toauser u can be calculated using

d, ., = \/

9 = Yn, |3 + zzj Vie{B,LH,S}, Yuel, (3.2)

where 2, is the height of the AN and ||.|[ is the 2-norm operator. Path loss modelling is

divided into three categories: i) MBS TN, ii) UAV, i.e., HAPs and LAPs, and iii) SatComs.
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3.2.3.1 MBS terrestrial network path loss model

The path loss of a user u € U using a BBU w; € W;|j € B to communicate with an urban

MBS n, € B that is located a distance d,_, metres away is given by [111]

nj,U,W; n;

dn' u
PL =40(1 —4 x 1073, )log,, (WJOO) — 18log;, hnj + 21logy, fnj,wj + 80 + T

VjeB, YViel.
(3.3)

The term hnj represents the MBS height in metres, fnj’wj is the carrier frequency in MHz,
and Ty 1S the path loss due to shadow fading, assumed to be a Gaussian random variable
with zero mean and o standard deviation in dB. T, CAN be expressed as Toju = logw(Fnjyu)

where F,_is the log-normal shadow fading path loss between the user u and AN n; [111].

3.2.3.2 UAYV path loss model

The path loss from a UAV AN n; € {LUH} to a user u € U is modelled according to [112].
In this model, the probability that a user u has a LoS link from a UAV AN n; € {LUH} is
given by

1
ProbkoS =
mit 1 4 Jcexp(—y(ﬁnw — 1))

Vn; € {LUH}. (3.4)

The constants z and y are dependent on the environment while the elevation angle 6, ,, is

180 Zn. _
given by — arctan(———=———). The signal from the UAV AN propagates through free
T

19, = 9., 12
space until it reaches the environment on earth, where it undergoes additional loss due to

shadowing, scattering, and reflections caused by buildings, foliage, etc. Consequently, the
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path loss from the UAV AN n; € {LU#H} and a user u located at distance d,. . is given by

(
PLYS = 20logyd, , +20logy f, .,

J

—27.55 + Nros LoS scenario

PL, .. = (3.5)

n,U,w

p Livjﬁ‘ffj = 20logyod, , +20logy f, ..

—27.55 + Nnros NLOS scenario,
\

where dnj}u is the distance in metres computed using (3.2), fnj’wj is carrier frequency in MHz,
and 1.5 Or NN Los 1S the additional loss experienced in LoS or NLoS propagation respectively.
The additional loss 17,5 or nnreos has a Gaussian distribution [112]. The equivalent path

loss is then given by [71]

PLgy, = Prob% « PLE 4 Probyo% s PLYS (3.6)

ng,uU, W, . L)
7, W, Wy U, W;

where Proban {gfs =1- Probﬁj‘_’z is the probability that a user experiences a NLoS link.

3.2.3.3 SatComs path loss model

Assuming clear sky conditions, the path loss between an AN n; € {S} and a user u at a

distance dnj,u from the node, is given by [1]

PLnj,u,w]- — 20 loglo dn]',u + 20 loglo fn]-,w]- - 2755 + Tn].

+CL + PLF + PL* + PLY, ¥n;€S.
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The frequency fnj’wj is in MHz, while the range d,,; , in metres and can be determined using
(3.2). On the other hand, 7,; in (3.7) depicts the loss due to shadow fading, while C'L gives
the clutter loss resulting from reflections and scattering caused by surrounding buildings and
objects on the ground. 7,; and C'L depend on whether the propagation is LoS or NLoS. The
terms PL*, PL¢, and PLY represent attenuation due to atmospheric gases, ionospheric or
tropospheric scintillation, and building entry loss. The equivalent path loss is determined
using (3.6) whereby the LoS probability PnL]"ZS which depends on the elevation angle and UE

environment, is obtained from Table 6.6.1-1 in [1].

3.2.4 Signal quality model

Using the results from the preceding sections 3.2.3.1 to 3.2.3.3, the linear channel gain due
to large-scale fading effects of path loss and shadowing from an AN n; € A and user u,

communicating via a BBU wj is given by [111]

PLn j U W

Ty = 10710 (3.8)

A question that can arise is how the ANs obtain the channel state information (CSI). In
practice, for time division duplex systems, the ANs can exploit reciprocity between downlink
and uplink channels to estimate the downlink channel [113, 114]. In comparison, for the
frequency division duplex systems, weaker reciprocity often exists in the uplink and downlink
frequencies [113, 114]. Consequently, the CSI at the ANs for these systems can be obtained

as feedback from the UE [113, 114]. Several works in literature are dedicated to reducing the
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amount of CSI feedback in the frequency division duplex systems [114, 115], but this is out
of the scope of this work. The obtained CSI feedback from UEs suffers high latency for ANs
at high altitudes, like the SatComs, hence, this CSI is usually outdated [116]. Therefore, for
such RANs, CSI can be obtained using the widely used training data-based CSI estimation
techniques [117, 118, 119]. However, due to the complexities involved in simulating the CSI
feedback and estimation techniques, this work assumes that the large-scale CSI is available
at the ANs as was done in [111, 19, 35, 86]. Therefore, the corresponding channel gain can

be calculated using (3.8).
The SINR ratio experienced by the user u using BBU w; of AN n; is then determined

using [35, 120]

PTL sUg,W 4 F’Vl yUg,W; . .
e Vug € {U, UU,}, Vj € {B,L,H,S} static user
2
7 Z fjrug,w; f] g, Wy
fiEN
Ji7#n;

’Ynj,Uq,wj

B 2

P, - T
njHtg,Wj Nnj,Ug,Ws joUq Wy

2
2+ Z Pfj,uq, w; f] ugyw; |5f] uq,wj|

fj eN
fi#n;

Yug € Uy, Vj € {B,L,H,S} mobile user.

(3.9)
The terms 5, . and 3 ;g demote the small-scale fast fading component that accounts
for the mobility of a user and is assumed to be independent and identically distributed (i.i.d.)
as CN(0,1) [121]. Pn]_’uq’wj is the transmit power from an AN n; to a user u, using BBU w;
while Pijuqywj depicts the co-tier interference from any other AN f; in the j-th RAN reaching

the same user u,. Like [122], the interference calculation is based on the worst-case scenario,

in which all ANs are transmitting at any given instant. This is a reasonable assumption
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since this work assumes a usage scenario involving many users, thus, it is highly likely that
all ANs may have data for transmission.

Similar to [123], [124], and [125], and in a bid to reduce complexity, this chapter and
corresponding solutions in Chapters 4 and 5 shall not optimise power allocation. Therefore,

the transmit power PnT in these chapters is assumed to be fixed and uniformly allocated

Uq,Wj

to all ANs” BBUs. The power P

N ,Ug,W

is given as Py /|Wjl, where P"* is the maximum
available power at the AN n; and |.| represents the cardinality of the set. Power optimisation
is considered in Chapter 6 to ensure an energy-efficient network.

The maximum data rate that can be achieved by a user u € ¢ on the BBU w; of AN n;

is then given by the Shannon capacity as

an,u,wj == 7:1)3‘ 10g2<1 + ’Ynj,u,wj)a (310)

where 7, is the bandwidth for BBU w; € W;.

3.2.5 Access association and resource allocation

In this work, a user can associate with at most one AN of the ITNTN within coverage.
Hence, a binary decision variable [, € {0,1} is defined to specify whether the user u € U

is associated with the AN n; € A of the j-th RAN. p1, , € {0,1} is defined as

1, if user w is associated with AN n;
P = (3.11)
0, otherwise.
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Moreover, in the scenario depicted by Fig. 3.1, a user v € U can only associate with

ANs in whose coverage the user lies. Therefore, we define a binary index T that indicates

whether a user w is within AN n;’s coverage. If the distance between a user u’s location

(x,,y,) and the ground location of the AN n; (z, ,y, ) is less than the AN’s cell radius R, ,
J J

J

then T = 1, otherwise, T, . =0, as illustrated by

17 /Lf \/(xu - Inj )2 + (yu - ynj)z < Rn]-
T =

ng,u

i
0, otherwise.

Also, a binary resource allocation decision variable Wiy € {0,1} is defined as

u,w

1, if BBU w; of AN n; is allocated to the user u

0, otherwise,

to specify whether the BBU w; € W; of AN n; is allocated to the user w.

(3.12)

(3.13)

Therefore, for a user to be served by at most one AN that is within coverage, the following

conditions must be satisfied:

n;e{B U L U H}

Z 7.‘-nj,u /’Lnj,u wnj,u,wj = O? v UR E Z/{R
TLjE{S}
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(3.15)
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Z i P W, S L,V up €Uy, ue €U, (3.17)
TLjEN

(3.14) allows a user to associate with ANs in whose coverage the user lies. In constraint
(3.15), the mission-critical users U,, can be served by at most one AN of either the TN, LAP,
or HAP RANSs. Since satellite communication is constrained with long propagation delays,
(3.16) ensures that the U, users are not served by the satellite RAN. Constraint (3.17), on
the other hand, allows a user belonging to either U, or U, , to access at most one of any of
the available ANs. To mitigate the intra-cell interference between users associated with the
same AN n;, we assume that for each AN, the BBU w; can be used by at most one user and

thus define the constraint

Zﬂ'nwu Moy Wy S 1, Vmy € N, Yw; e W;. (3.18)

ueU

3.2.6 Downlink data rate

The maximum data rate C,; ,.,; that can be achieved by a user u € U associated with AN
n; and using BBU w; was defined by (3.10). Therefore, the total network sum rate is then

given by

0 = Z Z Z P, [Lnj’u an’u’wj an,u,wja (319)

n;eN ueld w;eW;
where p, € [0, 1] is a weighting factor for a user v € U demanding a given service belonging
to service group v € {€,R,D}. p, prioritises service provisioning of users based on the
service they demand. This work prioritises the service group R over D and &, given that

denial of service to the U, users could result in catastrophic events.
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In determining to allocate a user v € U resources of AN n;, the node’s radio resource

capacity must not be exceeded, hence:

> T Mg Wy Ty < Py Yoy €N, (3.20)

uel w; EW;

where @,,. is n;’s total bandwidth. Moreover, for any served user belonging to the service

v
mwn

group v € {€, R, D}, its minimum requested data rate C?,, must be guaranteed. Thus we

define the constraint:

> > T Huyu @ Cojiry 2 Coris ¥ U € Useroea, Vv € {€,R, D}, (3.21)

njEN wij EW]'

where Userveq 1S the set of served users.

3.2.7 Handoff reduction

This work maximises the overall system data rate while minimising mobility-induced handoff
probability. We define the probability of handoff as the ratio of the number of users that
experienced a handoff to the total number of mobile users during a given transmission time

interval (TTI). To minimise the probability of handoff, the handoff reduction function

A= Z Z Z Pus Fonju @y 1o -, (3:22)

njEN uel wj EW]'

is maximised in each TTI. The term R,,,, in (3.22) represents the largest cell radius in the

ITNTN while R,; is n;’s cell radius. A mobile user traverses several small cells during an
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ongoing call. Hence, the smaller the ANs’ cell radii, the more the number of handoffs due
to user mobility. In order to limit the mobility-induced handoff, we introduce the handoff
reduction ratio (R, /Rma) € (0,1] in (3.22) to prioritise the association of mobile users to
ANs with the largest cell radius. In this way, a maximum value of the ratio (R,,/Rmax)
implies a reduced number of handoffs since the mobile user will be associated with an
available AN having the largest cell radius in each TTI, ultimately reducing the probability

of handoff.

3.3 Problem formulation

In this section, the UARA problem is formulated as a MOOP that maximises the total
system data rate while at the same time minimising the probability of mobility-induced
handoff. The probability of handoff is minimised by maximising the association of mobile
users to ANs with a large cell radius. p, in (3.19) and (3.22) can be used to prioritise the

service group R users over other users. The MOOP is formulated as

max {Q, A}, (3.23)

(1, w) € A

where A is the set consisting of all feasible UARA solutions satisfying the following

constraints

Cl:p,, <7 Vn,eN, Yueld (3.23a)

nj,u7
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C2: > i P Wy < L, Voug €Uy (3.23D)
n;je{B U L U H}

C3: Z T Mo Wosww; = 0, Vur €Uy (3.23¢)
n]-E{S}

CAt Y T b W, <1, Vug €U, Yup el (3.23d)
njEN

C5: Z Z Tosas Mo an,u,chnj,u,wj >Cliny YU € Userved, Vv E{E,R,D} (3.23e)

nJGNWjEWJ

CG:Z Z T Foss Wy Twy < Py Vg €N (3.23f)
uel w; EW;

C7:Z7rn w P Wiy, S 1, V5 € N, Yw; € W; (3.23g)
uelU

C8: Honjou = {Oa]-}v Wnjuw; = {Oal}a \V/] € {B7H7£a8}7 v 1 GN, v Wi € ij Vuel.

(3.23h)

In constraint C1, the user can only associate with an AN in whose coverage the user lies. In
contrast, the constraints C2, C3, and C4 allow a user to be served by, at most, one AN that
can meet the QoS requirements of the user. C5 ensures that a served user receives at least
its minimum required data rate, while in C6, the maximum AN resource budget cannot be
exceeded. In C7, a BBU can be allocated to at most one user, while C8 ensures that the
UARA variables are binary.

To solve the MOOP in (3.23), the concept of Pareto optimality as defined in [126] is
utilised, and this states that:

Definition 1: A point Ay € A is said to be Pareto optimal if and only if there is no
other point A; € A such that Q(A;1) > Q(Ag), A(A;) > A(Ap) and at least one €2 or A has

been strictly improved.
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In simple terms, a point is Pareto Optimal if there is no other point that can improve
both 2 and A simultaneously. The set of all Pareto optimal points gives an optimal trade-off
between €2 and A by providing the maximum value of €2 for any given value of A and vice
versa. The weighted sum method can provide a complete set of Pareto optimal solutions to
the MOOP in (3.23). Therefore, similar to [127, 128, 129] and owing to its simplicity and low
computational complexity, the weighted sum method is adopted to transform the MOOP in

(3.23) into a SOOP, which is a weighted sum of the two objective functions as shown below:

max ad Q+(1—a)d A (3.24)

. Wy, . .
Mnj,um njU,W;

st. (3.23a), (3.23b), (3.23¢), (3.23d), (3.23¢), (3.23f), (3.239), (3.23h).

The terms d; and 9 in (3.24) are normalisation factors associated with € and A, respectively,
introduced to put the two functions on the same scale. Normalisation of {2 can be achieved
by dividing it by the maximum possible data rate that can be achieved in the network.

Therefore, 07 is given by
1

0 =

VT Wy

g g max Cy, uw;

TLj=1 ’wj=1

(3.25)

On the other hand, the handoff reduction ratio (R,;/Rmaz) € (0,1] in the term A defined in
(3.22) makes the function A unitless. However, the summation of the term p, [, s W

U W;

over all BBUs allocated to the different users connected to the different ANs as seen in (3.22)
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leads to a value greater than 1. Therefore, to normalise this result, d5 is given by

1
- __ 3.26
2= T (326)

a in (3.24) provides a trade-off between data rate maximisation and mobility-induced
handoff minimisation for mobile users. This parameter is particularly useful since the ANs
that maximise data rate may not necessarily minimise handoff, and hence is used to define
the importance of the two objective functions. It is important to note that for static users,
i.e., the euRLLC and feMBB service groups, « is one since these users do not experience
mobility-induced handoff. On the other hand, when the values of o are varied in the range
[0,1] for the mobile users, the set of all Pareto optimal points to the MOOP in (3.23) can be
obtained [130]. However, in this work, we consider the priority of the mobile LDHMC service
group to be handoff minimisation, and as such, we set a to 0 for these users. Nonetheless,
the impact of o on data rate maximisation and handoff probability minimisation for mobile

users is analysed in the next chapter.

3.4 SOOP simplification

The problem defined in (3.24) is combinatorial in the UARA variables, and as such, finding
the optimum solution is exponentially complex and mathematically intractable. Similar to
[39, 104, 131] and in a bid to reduce the problem complexity, the problem is subdivided into
two phases: the user association phase solving sub-problem P1 and the resource distribution

phase that solves sub-problem P2.
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In the user association phase, the resource allocation variables are fixed. However, it is
essential to note that the number of BBUs allocated to a user cannot be set to any arbitrary
value since the QoS constraint C5 in (3.23e) must be satisfied. Therefore, to ensure that the

QoS constraint is not violated in the user association phase, the equation

v

nb"” = lrcﬂ—‘ ) VU S {5, Ra D}yvu S uassociatedavnj S N, (327)

nj,u,wW;

must be satisfied for an associated user u € Uygsociated, Where Uygsociatea 1S the set of users for
which Moo = 1.
We assume C;,,, to be the requested data rate of a user belonging to service group
v e {R,D,E}. In (3.27), nb:: represents the minimum number of BBUs that an AN n;
should allocate the user u to meet its data rate QoS, while [-] is the ceiling operator. Suffice
it to note that since we are dealing with a scenario in which many users exist in the network,
fixing the allocated BBUs to a minimum that meets a user’s QoS requirement ensures fairness
among users in the network as it avoids users experiencing good channels from using up all
the resources in a bid to maximise the network data rate. Replacing C5 in (3.23¢) by (3.27)

fixes the number of BBUs that AN n; allocates the user w (if the user is associated), and as

such transforms the problem (3.24) into finding only the Boolean user association variables

/’Lnj,u'
The second phase then uses the known user association variables to distribute the

remaining BBUs of each AN, thus increasing the users’ data rate and consequently

maximising the total network data rate. However, this phase is optional since allocating more
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resources than the users need to meet their QoS requirements implies spending unnecessary

power [104]. In this work, to keep the system model simple and mathematically tractable,

we consider the ANs’ channels flat.

3.4.1 User association phase

The equivalent utility function can be defined in terms of the minimum number of BBUs

allocated to the users as:

x=ao SN pm. nb." Coyuy + (1= @) & S5 o R, (3.28)

n; eN ueld

nb." Cp,uw, 0 (3.28) is a constant for a given user u associated to a given AN n;, since nb "
J

n; €N ueld maz

J

is a constant. The equivalent user association optimisation problem P1 that maximises the

utility function y while ensuring that the user QoS is satisfied and the AN resource budget

is not exceeded is illustrated below:

P1

max Y
/"/nj,u

s.t.

Clip, ,<m, ., VnyeN, Yuel

nj,u — nj

C2: > omo g, <

7’ J
nj€{B U L U H}

C3: Z Tou Py = 0, Vur €U,

n; €{S}
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C4: Z Tow Hoys S 1 Vup €U,, us €U,
njEN

v

Ch: nb:U = ’V i —‘ , Vue {R,S,'D}, Vu € Ugssociated

CTL]' U, W5

u

C6: anw foss W0, Ty < @y Vo €N

ueld

CTip, .={01}, Yueld Vje{BHLS} Vn; e N

The operator [-] in C5 of (3.29) ensures that a BBU is allocated to at most one user.
The optimisation problem P1 in (3.29) is a (0, 1) integer linear programming (ILP) problem
which is one of Karp’s 21 NP-complete problems [132]. Exact algorithms such as branch and
bound (BnB) exist that return a global optimal solution for such problems. However, these
techniques require an exponential upper bound time complexity that varies in tandem with
the network dimension. Consequently, in Section 3.5, we propose a heuristic service-aware

greedy algorithm to problem P1, characterised by polynomial-time complexity.

3.4.2 BBU distribution phase

After the user association phase is completed, some ANs may still have extra BBUs that
have not been allocated to the users. The essence of the resource distribution phase is to
distribute these BBUs among the associated users to increase the total network data rate.

Let U, define the set of users associated by P1 to the AN n;, that is,

Un, = {u | pin;w = 1} Vn; € N. (3.30)
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To maximise the total network data rate of the ITNTN, the following optimisation problem

is defined at each AN n;

P2

max Z nb:j Crj uw; (3.31)
nb"] uEL{nj

S.t.

C1: Z nb:_ = NumBPBY
J

nj )
ueunj

C2: nb. = nb" —i—nbu/ Vu € Uy,
nj nj "j

C3:mb. "€ {1,2,..., (NumP¥ —1)}.
J

Note that the subscript v on v in nb;: has been dropped for brevity purposes. W in (3.31)
represents the number of already allocated BBUs to the user u by AN n; satisfying the data
rate QoS requirement. On the other hand, nsz/ represents the number of BBUs that will
be added to the user u after solving P2. Important to note is that P2 is only solved when
there exist unallocated BBUs at the AN after the association phase. Besides, this phase is
optional as allocating more resources than required to satisfy user QoS requirements may
translate into spending unnecessary power [104].

Problem P2 can be convexified by letting the variables nb:j/ be continuous, and thus, the
constraint C3 in (3.31) becomes nb:j/ > 0. Since convex optimisation can be used to solve

the classic water-filling problem, P2 is then transformed into the water-filling structure given

on page 245, example 5.2 of [133] by replacing the utility function (nb: Cn;uw;) With the
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logarithmic function log <(nb: + nb:/) an,u,wj). Therefore, rewriting P2 in the equivalent
J J

water-filling structure yields:

P3
min > —log (B +nb ") Cuy ) (3.32)
nbnj ueunj ’ ’

s.t.

Cl: Z (nb" + nb:,/) = NumijU,

uEUn, j

C2: nb:/ > 0.

Notice that in (3.32), the problem was transformed into a minimisation problem. This is
because log(-) is a concave function, and it can only be transformed into a convex function
as —log(-), and minimisation of a —log(-) is equivalent to maximising log(-). Problem P3
is a convex optimisation problem we solve using CVXPY.

CVXPY is a Python-embedded modelling language for convex optimisation problems
that automatically transforms a problem into a standard form and calls a solver to return
the results. In the end, the optimal solution nb:j/ for user u is the solution to P3 rounded to
the closest integer value that is smaller than the solution produced by solving P3. Section

3.6.2 in the simulation results depicts the effect of distributing the unallocated BBUs on the

total network data rate.
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3.5 Novel service-aware greedy solution to problem P1

3.5.1 The proposed greedy algorithm

A service-aware greedy heuristic algorithm is developed to find a good, feasible solution
with polynomial-time complexity for the UARA problem P1. Four factors are considered
in the association process: i) the mission-critical service group R is prioritised, ii) users
are prioritised depending on the number of ANs within their coverage, iii) a static user is
associated with an available AN with the highest SINR, and iv) a mobile user is associated
to an available AN with the broadest cell radius. Resource allocation is done concurrently
with user association by ensuring that users are attached to ANs whose available number
of BBUs, Numij Uis greater than the minimum number of BBUs nb:: required by user u,
belonging to service group v € {R, £, D} as given in (3.27). The performance of the proposed
service-aware algorithm is then compared with the service-unaware algorithm that does not
consider the: i) heterogeneity in user traffic types and ii) uniqueness in the capabilities and
limitations of the RANS.

The pseudo-code of the proposed service-aware greedy algorithm is given in Algorithm 1
and is based on the snapshot model [134]. Lines 3-8 of Algorithm 1 determine user u’s path
loss, channel gain, SINR, the achievable data rate on a single BBU w; of AN n;, and the
required minimum number of BBUs and after that, store all ANs in whose coverage u lies in a
set C'ov™. Line 9 sorts users in each service group to prioritise them according to the number
of ANs within their coverage. Users in service group R are serviced in lines 11-31. Lines

32-46 associate and allocate resources to users in the D service group while prioritising access
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to an AN with the largest cell radius. Users of service group £ are provisioned through lines
47-49. Line 51 returns a list Assoc}fbj containing the AN n; serving user u, and the number

of BBUs nb:“ allocated to the user. Fig. 3.2 illustrates the greedy algorithm process.

eFor each service group, sort
users according to number of
ANs within coverage.

eStart service provisioning with
euRLLC users. Associate user

Determine the _ )
with either LAP, HAP, or MBS

minimum
For each user AN with the highest BBU data
Gratp gsch det ine th : gampsretbiLs rate, and available resources
according to ELemne Se required by ! ’

theircervice | sef( Of A_Ns > cachlicerto » OAssoc.late LDHMC users Wlt'h
within its B AN with the largest cell radius
groups. each AN within - 2
coverage. coverage and still has available
. resources.
e Associate feMBB users with
AN with the largest BBU data
rate and still has available

resources.

Figure 3.2: The greedy algorithm process.

3.5.2 Computational complexity of the greedy algorithm

The big Omicron (big-O) is employed to characterise the time complexity of all the solutions
proposed in this thesis. The big-O is a mathematical notation that gives a measure of an
algorithm’s worst-case execution time or required memory in relation to the problem size.
A detailed description of the big-O can be found in [135, 136].

The greedy algorithm first sorts the users according to the number of ANs within
their coverage. The time complexity of this sorting procedure is O(|U|log |U]), where |U]
represents the number of users in the ITNTN. The static users are associated with the
appropriate AN based on maximum SINR, while the mobile ones consider the broadest
cell radius. Consequently, each user must determine the SINR or cell radius of the
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Algorithm 1 Service-Aware greedy user association and resource allocation algorithm

. thres BBU v
Input. fnj7 Pnj ) Numnj ) ana min? 7:11]'

Output: User association and resource allocation set, Assocy,

1: procedure GREEDY USER ASSOCIATION AND RESOURCE ALLOCATION ALGORITHM
2: Initialise: Assocy; = 0
3: for Each user u € {Ugr,Ug,Up} do
4: for Each AN n; € N do
5: Calculate PLnj,i,uj s Tnjiveys Vra gy o Cnj,u,w; and nb"j
6: Add nj to Cov" if u is within n;’s coverage
7 end for
8: end for
9: sort {Ur,Ug,Up} according to |Cov"|
10: for Each user u € {Ur UUp UUE} do
11: if user u € Ugr then
12: if Cov* == () then
13: ﬂ—nj,ul"’nj,u =0Vje{B,L,H,S}
14: else
15: sort Cov" according Vrug
16: T b0 = 0
17: for n; € Cov* do
18: if nj € S then
19: pass
20: else
21: if NumijU <nb." then
J
22: pass
23: else
24: ﬂ-nj,uunj,u =1
25: Deduct nb:f} from NumijU
j ;
26: Append [u, n]-,nb:f’] to Assocj;
J
27: break
28: end if
29: end if
30: end for
31: end if
32: else if user uw € Up
33: steps 12-14
34: sort Cov® according to cell radius
35: T b0 =0
36: for n; € Cov" do
37: if NumngU < nb:U then
J
38: pass
39: else
40: T ub o = 1
41: Deduct nb." from NumijU
J
42: Append [u, nj,nb::} to Assocy;
43: break
44 end if
45: end for
46: end if
47: if i € Ug then
48: steps 12-17, 21-28, 29-31
49: end if
50: end for
ol: Return Assoc}{j
52: end procedure
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different ANs. The time complexity for this computation is of the order O(|U| x |N/|)
where |N| is the total number of ANs in the ITNTN. For each user, the SINR values
or cell radius to the different ANs must be sorted such that if the AN with the highest
SINR or broadest cell radius does not have sufficient resources to meet the user’s QoS
requirements, then the user is associated with the next best AN. The time complexity due
to this sorting is O(|N|log |N| x |[U]). Therefore, the overall complexity of the greedy
algorithm is given as O(|U|log [U| + |U| x |N| + |[N|log [N| x [U|) which can be reduced to

O(let| < (log |t + [N log |N])).

3.6 Results and performance evaluation

One of the leading research gaps highlighted in Chapter 2 was the need for RRM techniques
for the ITNTN that consider the user QoS heterogeneity and the peculiarities faced by
the different RANs in meeting these diverse user requirements. This section shows the
significance of service-aware UARA in the ITNTN.

To evaluate the performance of the proposed service-aware greedy algorithm, we consider
a circular radius of 4 km of an urban environment covered by the LEO satellite and the HAP.
Within this region are 14 MBSs, and 3 LAPs, with each tier having a radius of 1 km and 2
km, respectively. Users and ANs are uniformly and randomly distributed. The parameters
used in the simulation are given in Table 3.2 [19, 1, 111, 112].

The proposed service-aware algorithm is compared with the service-unaware algorithm,
which associates users based on maximum SINR. Like the service-aware approach, the
service-unaware approach prioritises users according to the number of ANs within their
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Table 3.2: Simulation parameters and values.

Parameter Value

Jogs fres fras fns (Frequencies) 4,2, 3, 5] GHz

Tuws T Tur,s T, (BBU bandwidth) 0.18, 0.18, 1, 2] MHz
Number of BBUs for [ng, ng, ny, ns| 50, 50, 100, 200]
[P;;Z"es, Pfiﬁr“, P;;Z"es, Pé’;”es] (maximum power at ANs) | [40, 25, 100, 250] Watts
T, Yy MLoS; "INLoS 10.39, 0.05, 1, 20]

——|—|— || — | ——|——| ——=|——

Shadow fading [B, S] 8, 4] dB

[CL, PL*, PLY] 0, 0, 23 dB]

AN height (2, 2ns, Zngys Zng) 0.04, 2, 17, 600] km
Service group user ratio [[Ug| : [Ur| : [Up|] 0.6:0.3:0.1]

C' v € [&,R, D] 1000, 500, 1000] kbps
Noise spectral density —174 dBm

coverage. However, it does not consider the heterogeneity in user QoS requirements and
RAN capabilities in meeting these needs. Performance evaluation is based on three main
metrics: the acceptance ratio (AR), the spectrum efficiency (SE), and the handoff probability.
In this work, the user AR quantifies the ratio of served users to the total number of users
in the network. On the other hand, the SE is the ratio of the overall system data rate to
the total network bandwidth [137], while the probability of handoff is defined as the ratio of
the number of users that experienced a handoff (and are thus served by another AN) to the

total number of mobile users during a given TTIL.

3.6.1 Comparison of service-aware versus service-unaware algo-
rithms

In Fig. 3.3, the AR of mission-critical users is 1 for the service-aware scheme. On the
other hand, the AR of mission-critical users is lower in the service-unaware algorithm and

keeps reducing as the number of users increases. The 26% difference in performance arises
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Figure 3.3: euRLLC AR; service-aware vs. service-unaware.

from the fact that the service-aware algorithm prioritises mission-critical users and associates
them only with the RANs that meet their needs. In comparison, service-unaware does not
distinguish users based on their QoS needs, nor does it consider the limitations of the different
RANs in meeting these demands. This results in a reduced acceptance ratio of the R slice
since these are not prioritised and are possibly associated with RANs that cannot meet their
needs.

In Figs. 3.4 and 3.5, both algorithms have acceptance ratios of £ and D at 100% for
a smaller number of users when resources are still available. As the number of users
increases, resources reduce, and hence the acceptance ratio decreases. The service-unaware
algorithm performs better in this case since this did not prioritise mission-critical users.
Therefore, slice £ and D users were able to use up resources that are prioritised for slice R

users in the service-aware algorithm. Moreover, as depicted by Fig. 3.6, the service-aware

93



=
(=]
|

8]
=
18]
|-
0 08
c
[iv]
-]
o
Q
!
o 0.6
1.
Q
[%)]
=]
B

0.4
=
Q
Y
s
Q{
%]
= 021
c —&— Service-aware
-
S —+— Service-unaware

0.0 T T T T

0 200 400 600 800 1000

Number of users

Figure 3.4: feMBB AR; service-aware vs. service-unaware.

s
[=]
|
L
L
L
L
L

[}
g
1]
.
v
Y 0.8
m
-
(=}
Q
[&]
(9]
T 0.6
|-
4]
%]
=
U
= i
= 04
fa
|
s
Q
.E 0.2_
g —+— Service-aware
- .
S —— Service-unaware
0-0 T T T T
0 200 400 600 800 1000

Number of users

Figure 3.5: LDHMC AR; service-aware vs. service-unaware.

94



1.0

—i— Service-aware
——Service-unaware

0.8 -
t
(=]
o
5
£ 06+
N
o
=2
£
38 0.4
18]
0
p
o

0.2 1

0.0 = = T = 1 T T

0 200 400 600 800 1000

Number of users

Figure 3.6: Probability of handoff; service-aware vs. service-unaware.

algorithm outperforms the service-unaware by 78% in terms of handoff probability. The
service-aware algorithm prioritises using ANs with the broadest cell radius for access by
mobile LDHMC users. It hence achieves a handoff probability of O up to 400 users. As the
number of users increases beyond 400, the resources of the AN with the largest cell radius
are depleted. Thus mobile users are forced to attach to ANs with smaller coverage, hence
the rise in handoff probability for the service-aware algorithm. However, even at this point,
the service-aware performs better as it still attaches the users to an AN with the broadest
coverage among the available ANs. The worse performance of the service-unaware scheme
is attributed to associating mobile users according to maximum SINR. Thus as the user
moves, it keeps alternating between ANs depending on which has the maximum SINR. The

handoff probability of both algorithms falls for a higher number of users beyond 700 since

95



) ) =
[=] = [=]
1 1 1

Spectrum Efficiency (b/s/Hz)
=
=)

—&— Service-aware
—— Service-unaware

T T T T
0 200 400 600 800 1000
Number of users

Figure 3.7: Spectrum efficiency; service-aware vs. service-unaware.

the number of served LDHMC users decreases as the number of users increases beyond what
the network can sustain.

Figs. 3.7 and 3.8 show that even with the priorities subjected to the service-aware
algorithm, its overall SE and user AR are better than the service-unaware algorithm. The
average gain achieved by the service-aware algorithm over the service-unaware scheme is 12%
and 9.8% in SE and user AR, respectively. Therefore, the service-aware algorithm prioritises
mission-critical applications, whose rejection results in adverse consequences, prioritises the
use of broader coverage NTNs for highly mobile users, thereby minimising the handoff
probability, and at the same time, maximises the number of admitted users and the network

SE.
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3.6.2 Effect of the BBU distribution phase

Fig. 3.9 depicts the relationship between the user association and the BBU distribution
phases. Since the user association phase allocates only the minimum required number of
BBUs, it achieves a lower total network data rate. On the other hand, the BBU distribution
phase not only allocates the minimum required BBUs during the association phase but also
distributes any extra unallocated AN’s BBUs according to the optimisation problem (3.32),
thereby achieving a higher network data rate. As the number of users increases beyond
what the available resources can support, both algorithms converge to a constant data rate.
Moreover, even at this point of convergence, the BBU distribution phase slightly outperforms
the user association phase since it ensures all BBUs of the AN are allocated to the users.

In contrast, the latter can only allocate any unallocated BBUs if they meet an unassociated
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Figure 3.9: Effect of distributing the remaining BBUs after the user association phase.

user’s requirements. Also, an oscillation in performance is observed for the BBU distribution
phase. For instance, the data rate observed when the number of users is 10 is more than that
observed for 100 users. This is because, for the same number of ANs serving these users,
the number of extra unallocated BBUs is more for the 10 users. Since the extra BBUs are
allocated to maximise the total network data rate, the BBU phase achieves a higher data
rate for 10 than 100 users. The data rate increases for the 200 users, however, because the

number of ANs that the users are associated with increases.

98



3.7 Chapter summary

This chapter formulated a user association and resource allocation problem in the ITNTN
as a MOOP that maximised the total network data rate and minimised the mobility-
induced handoff. Moreover, the mission-critical euRLLC service group provisioning was
prioritised over other service groups. The MOOP was transformed into a weighted sum
SOOP to reduce complexity. The SOOP was non-linear and combinatorial, making it NP-
hard. In order to reduce its complexity, it was decomposed into two sub-problems: the user
association sub-problem and the resource distribution sub-problem. The user association
sub-problem associated users with appropriate ANs while ensuring they were allocated the
minimum resources required to meet their QoS. The distribution phase then allocated the
remaining unallocated resources of the AN. A service-aware greedy heuristic polynomial-time
algorithm was proposed to solve the user association sub-problem, and results showed that
it outperforms the service-unaware scheme in terms of spectrum efficiency, user acceptance
ratio, and handoff probability, by 12%, 9.8%, and 78% on average, respectively. Also, the
resource distribution problem was reformulated into the water-filling structure and solved
using CVXPY. The simulation results showed the effect of the resource distribution phase.

While the proposed greedy heuristic algorithm can find a feasible solution to the user
association sub-problem P1 in polynomial-time, it ordinarily does not produce an optimal
solution. Even so, it may give local optimal solutions that approximate the global optimal
solution. Therefore, in the following chapter, the Gurobi solver is used to estimate an

efficient solution to the user association problem via LP relaxation. Moreover, since the ILP
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solution returned by the Gurobi solver is characterised by exponential time complexity, a

meta-heuristic algorithm is proposed that gives a near-optimal solution in polynomial-time.
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Chapter 4

User Association and Resource
Allocation in the ITNTN: A Genetic

Algorithm Approach

In Chapter 3, a user association problem P1 that maximised the total network data rate while
minimising the occurrence of mobility-induced handoffs in the ITNTN was formulated. The
optimal solution to this problem can be determined using variants of the branch and bound
algorithm. However, these solutions become intractable with a large number of variables.
Therefore, this chapter presents a near-optimal but polynomial-time solution to P1 based
on the genetic algorithm (GA). Moreover, to validate the performance of the proposed GA,

the solution to P1 is determined via ILP using the Gurobi solver.
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4.1 Introduction

To facilitate efficient RRM in the ITNTN, Chapter 3 formulated a UARA problem as a
MOOP (3.23) that maximised the total network data rate and minimised the mobility-
induced handoff. The MOOP was simplified into a weighted sum SOOP (3.24), which
was combinatorial in the UARA variables and thus NP-hard. The SOOP’s complexity
was reduced by subdividing it into two sub-problems: i) the user association sub-problem
P1 in (3.29), that associated users to appropriate ANs and further allocated them the
minimum resources required to meet their QoS requirements. ii) The resource distribution
sub-problem P2 defined in (3.31) that allocated the unallocated resources, if any, after the
user association phase. P2 was reformulated into the water-filling structure and solved using
CVXPY, consequently showing the effect of distributing the unallocated BBUs. On the other
hand, P1 was solved using a polynomial time greedy heuristic algorithm. However, greedy
solutions do not ordinarily produce optimal solutions. Therefore, this chapter is dedicated
to determining an efficient solution to the user association sub-problem P1.

Problem P1 is an ILP problem that is NP-complete. Available techniques for solving such
problems can roughly be classified into two main categories, exact and heuristic approaches.
Exact algorithms such as branch and bound, dynamic programming, and constraint
programming, in particular the large class of ILP techniques including linear programming
relaxation, branch-and-cut, cutting plane and column generation are guaranteed to obtain
an optimal solution, but at the cost of increased computation time, especially for large
dimension problems [138]. On the heuristic side, metaheuristics have proven to obtain near-

optimal solutions to ILP problems in polynomial time. Therefore, metaheuristics sacrifice
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the guarantee of getting optimal solutions for near-optimal solutions but generated in a
significantly reduced amount of time. Moreover, they are simple to implement and, as such,
have received a great deal of attention in the last 50 years. Metaheuristic algorithms include
population-based schemes such as the GA, PSO, and other techniques like tabu search,
simulated annealing, iterated local search, and ant colony optimisation. An interested reader
is referred to [138] for a detailed introduction to metaheuristic algorithms.

Consequently, this chapter proposes a near-optimal but polynomial-time solution based
on the GA to P1. The GA is a metaheuristic search algorithm that uses the theory
of evolution and natural selection to solve optimisation problems. It is well suited for
multi-objective and non-mathematical optimisation problems, efficiently and easily enforcing
different constraints and searching over multiple sets of solutions in a large search space to
return a near-optimal solution [139]. Given its ease of implementation and optimisation of
discrete and continuous radio parameters, the GA is an excellent optimisation tool for radio
resource management in the ITNTN. The performance of the proposed GA is compared
to three other algorithms: the ILP solution determined via LP relaxation and branch and
bound using the Gurobi solver, the greedy solution described in the previous chapter, and
the random user association (RUA) solution. Table 4.1 presents the notations used in this

chapter.

4.2 The user association sub-problem P1

For clarity, problem P1 is recalled in this section. The problem was formulated such that its
objective function is a weighted sum of the total network data rate and the handoff reduction
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Table 4.1: Notations defined in Chapter 4.

Symbol Description

b,l,h,s MBS, LAP, HAP, SatComs AN

B,L,H,S Set of ANs in the MBS, LAP, HAP, SatComs RAN
Jin; A RAN, AN in the j-th RAN

u The set of users in the ITNTN

v, €, R, D A use-case, feMBB, euRLLC, LDHMC use-case
u,, U U, Set of users demanding £, R, D

U, Uy, Uy, Uy User, an feMBB, euRLLC, LDHMC user

W; Set of BBUs owned by RAN j

w A BBU owned by RAN j

7:Uj, P, Bandwidth of a BBU wj;, bandwidth of AN n;

x, Y Environmental constants used for UAV path loss model

NLoS, TINLoS

Additional loss in a UAV LoS, NLoS propagation

CL, PLF, PL¢, PLY

Loss due to clutter, atmospheric gases, scintillation, building
entry.

N

Set of all ANs in the ITNTN

Zn-7R7Lj

2

Altitude and cell radius of n;

Uy
an U W; nbnj

Data rate of a user u using BBU w; of AN n;, minimum
required number of BBUs

Hn; s Bomac User association variable, the largest possible cell radius in the
ITNTN

01, 09,0 Normalisation factors

Conins T Service group v minimum data rate, coverage index

e User priority factor, objective function trade-off factor

€., s 5“7; User penalty factors

M,G,P., P,, E, Population size, number of iterations, cross over probability,

mutation probability, elitism ratio

k
My :unj’u y L,k

A k-th chromosome, a gene of the k-th chromosome indicating
user u is associated with AN n;, validity status of user u’s gene
in the k-th chromosome

function, as shown below:

e Ry,
X =ad Z Z Puy Fon nbnj Cojuw; + (1—a) by Z Z Pay Hos R—] (4.1)

n;eN veld

n;eN veld mar
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The term Mo € {0,1} in (4.1) is a user association variable that is 1 when a user u is
associated to the AN n;, and 0 otherwise. On the other hand, p, € [0,1] is a priority
factor used to prioritise a user belonging to a certain service group v € {R,&,D}. In
contrast, an: is the minimum number of BBUs that the AN n; allocates the user to meet
the required QoS. Cy; 4w, is the achievable data rate over a BBU w; allocated to a user u
by the AN n;. R, is the AN n;’s cell radius while R, is the largest possible cell radius
in the ITNTN. The terms ¢; and 5 are for normalisation purposes to enable the addition
of the two functions having different units while o provides a trade-off between data rate
maximisation and mobility-induced handoff minimisation for mobile users.

The user association problem P1 was therefore formulated to maximise the utility

function as depicted below:

P1

max X (4.2)

Mnj,u

s.t.

Clip, <7, . Vn, e N, Vuel

nj,u — n

C2: Z Tow w1, Vug €U,

7’ 7’
nj€{B U L U H}

C5: nbn = lrﬂ—‘ s Vo S {R,(‘-:/‘,D}, Yu S Z/{associated

N5 ,U, W5
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C6:Z7rnj7u Mo nb " T, < P,y VYV eN

uel

Crop,,..={0,1}, Vueld Vje{BH LS} VneN

T, 0 (4.2) indicates whether the user u lies within the AN n;’s coverage. Therefore,
constraint C1 in (4.2) ensures that a user associates with an AN in whose coverage the user
lies. Constraints C2, C3, and C4 allow, at most, one available and capable AN to serve
the user. In C5, a user is guaranteed the minimum number of BBUs necessary to satisfy
the user’s QoS, while C6 ensures that the AN’s resource budget is not exceeded. Lastly, C7
ensures that the user association variable is binary.

Problem P1 is an ILP problem that can be solved by off the shelf solvers using ILP.
Therefore, in this chapter, the ILP solution to P1 is determined by LP relaxation using
the Gurobi solver. However, the worst-case computational complexity of the ILP solution
increases exponentially with the network dimension, as will be demonstrated in Section 4.4.

Consequently, the following section proposes a polynomial time solution based on the GA.

4.3 The proposed genetic algorithm (GA)

The proposed GA solution is described in this section, but first, a brief review of GA is

elucidated.
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4.3.1 A review of the GA

The GA is a search metaheuristic based on the principle of natural selection in which the
fittest individuals of a population are selected to produce children of the next generation.
The algorithm starts with generating an initial population of randomly generated solutions
called chromosomes. Each chromosome is made up of genes, which are the decision variables
of the optimisation problem.

A fitness function corresponding to the objective function is defined and used to measure
the fitness of each chromosome in the population. Parents are selected from the population
for reproduction based on their fitness values. In the crossover phase, the parents exchange
genes, producing new chromosomes, otherwise called children. The crossover phase is
governed by the probability of crossover P,., which determines whether to consider a child or
parent chromosome in the new population.

The mutation operator is used to randomly change one or more genes of the chromosomes
to create diversity in the new population and prevent the GA from converging to a local
optimum. The mutation depends on the probability of mutation P,,, with high values of
P,, changing the algorithm to random search. After mutation, the elitism operator ensures
that the best solutions/chromosomes in the old population are not lost through crossover
and mutation. Therefore, depending on the elitism ratio E,., a given fraction of the best
chromosomes in the old population replace other chromosomes in the new population. The
algorithm then terminates when the termination criteria are satisfied, and the chromosome
with the best fitness value is the solution to the optimisation problem. There are several

termination criteria used in literature [140], including: i) when a fixed number of generations
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Figure 4.1: The GA process.

is reached, ii) when a certain fitness level is reached, and iii) when there is no improvement
in the best fitness value. In this work, the termination criterion is either when there is no
improvement in the best fitness value for a given number of consecutive iterations or when

a fixed number of generations is reached. The GA process is illustrated in Fig. 4.1.

4.3.2 The proposed GA

A population set M consisting of M chromosomes is defined. A chromosome p, €
M is defined as an |U| dimensional vector that represents a user association solution
B, = (“ij,1’/‘5j,27""'“]zj,w) € RY vy € M, k€ {1,2,...,M}, such that
r“ij,u € {1,2,...,|N]} Vu € U. Recall that U represents the set of users in the ITNTN
while N denotes the set of ANs.

In any given iteration, the fitness value of a gene ,uﬁ_ , of a chromosome g, , that represents
i

the optimisation problem P1, is defined depending on the service group of user u.
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4.3.2.1 Fitness value for an euRLLC or feMBB gene (Data rate maximisation

fitness value)

Since an euRLLC user u, or an feMBB user u, is static, the objective for these service
groups is to maximise the achieved total network data rate. The fitness value of a gene

belonging to an u,, or u, user is given by

@U(Mﬁj,u) = Zuk (0 Cojuw;)  — & (U —2un), Yuy, €Uy, u, €U, ve{R,E}
(4.3)
where Cp; ., is the data rate a user u can achieve over one BBU w; of AN nj;, given by
(3.10). ¢ is used to normalise the data rate Cy, y.w;- Tur € {0,1} denotes the validity status
of the gene uﬁj’u. xu, = 1 if the user u’s association variable/gene uﬁj’u is valid and 0
otherwise. A gene uﬁj,u is valid if the AN n; is within the coverage of user u, is capable

of serving the user, and has sufficient resources to meet the QoS requirements of the user.

€, €[0,1] is the penalty cost for not admitting a user of service group v € {€,R}.

4.3.2.2 Fitness value for an LDHMC gene (Handoff minimisation fitness value)

The fitness value for users demanding the LDHMC service group D prioritises association to
ANs with large cell radius to minimise handoff probability. Consequently, the fitness value

for these users is expressed as

L= &, (I—aup), Vup €U, (4.4)
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where {“uD is a penalty for not admitting an up user, R,; is the cell radius of n;, and Ry.
the largest possible cell radius in the ITNTN.

The penalties £, in (4.3) and {,_ in (4.4) are varied depending on the priority of a
given service group. We prioritise the euRLLC service group in this work since denial of its
service may lead to catastrophic consequences. We also prioritise access to the NTN with a
large coverage area for the mobile LDHMC use case to minimise the probability of handoff.
Nonetheless, the priority can also be based on other factors, such as the use case that yields
more revenue to the operator.

For any given gene M’Z]’v" of a chromosome p,, if z,, = 1, then the user u, where v €
{€, R, D} is allocated its minimum required number of BBUs nb:: given by (3.27) in Chapter

3 and rewritten for clarity as

nb "’ = [Cﬂ—‘, VUE{S,R,D},VUGZ/{,VHJ' EN, (45)

nj,U,W;

else, the user is not allocated any resources. We assume that C;,, is the data rate request
from a user demanding a service in the service group v € {R,&,D}. The overall fitness

value of the chromosome y, in any given iteration is the summation of all fitness values for

the different genes in the chromosome given by:

O(m) = 0, ), Vve{R,ED}. (4.6)

ueU
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According to (4.6), all users in the network cooperate and contribute to the fitness value
of the chromosome, ultimately leading to fairness between users since the goal is to admit

as many users as possible to maximise the fitness value.

4.3.2.3 The GA pseudo-code

The pseudo-code of the proposed GA is given in Algorithm 2. The selection of parents in
line 7 is achieved using the roulette wheel technique. In this technique, each chromosome in

the population is assigned a probability P, of being selected, depicted by

O(u,)
P, = — (4.7)
(14,,)

Hy, EM

that is proportional to its fitness value. The chromosomes with higher values of F, have
higher chances of contributing to the creation of the next generation.

In lines 89, the two selected parents recombine through the crossover operator. In
this work, the two-point crossover technique is used [140]. In this technique, two points
are randomly selected on both parents, and genes are exchanged between them to create
two different chromosomes, otherwise called children. For each created child, if a randomly
generated number in the range [0,1] is less than P., the child is inserted into the new
population, otherwise, the parent is. The new chromosomes are then mutated as per line 10
of Algorithm 2. For each gene in the chromosomes created in lines 89, if a random number
in the range [0,1] is less than FP,,, the gene is mutated by replacing it with a random gene

pr e {1,2,...,|N]}, otherwise, the gene is not mutated. Line 12 performs the elitism
i
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process, which replaces E,. of the chromosomes in the new population with the same fraction
of best-performing chromosomes in the old population. In line 15, if the fitness value of the
best chromosome remains unchanged for a given number of consecutive iterations @), the
algorithm breaks out of the for loop and returns the best/optimal user association solution
;. Line 17 returns the optimal user association, which is the chromosome in the population
with the best fitness value. This solution indicates which ANs the users should be associated
with but does not give the number of BBUs that should be allocated to the users to meet
their QoS requirements. Therefore, line 18 of Algorithm 2 inputs the optimal user association
decision into Algorithm 3, and this returns a list Assocﬁj containing the AN n; (which is
the gene “ﬁj,u) serving user u, and the number of BBUs nb:j determined according to (4.5)

that are allocated to the user.

4.3.2.4 Computational complexity of the proposed GA

Similar to Section 3.5.2, the computational complexity of the different algorithms discussed in
this chapter is analysed using the big-O notation. The GA performs the selection, crossover,
and mutation operators in each generation. Similar to many roulette wheel selection routines,
a chromosome is selected for reproduction in this work using a search algorithm. Hence,
the time complexity of the selection operator is of the order O(M) [141], where M is the
population size. The time taken to execute the crossover is proportional to the population
size M, hence its time complexity is bounded by O(M). On the other hand, mutation requires
that a random number in the range [0,1] is generated for every gene of every chromosome.

Therefore, the time complexity of mutation in any given generation is O(M x |[U|), where
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Algorithm 2 Genetic algorithm for service-aware user association and resource allocation
Input: Size of population M, Number of genes ||, Number of iterations G, Number of
consecutive iterations () for stopping criterion, P., P,,, E,, achievable data rate user statistics
to the different ANs determined using (3.10)

Output: User association and resource allocation set, Assocﬁj

1: procedure USER ASSOCIATION AND RESOURCE ALLOCATION

2: Generate the initial population set M containing M chromosomes each of length ||

3: Calculate the fitness value of each chromosome in M using (4.6)

4: for iteration =1: G do

5: Create empty new population set M,

6: for w=1:M/2 do

7: Select two parents from M using the roulette wheel technique

8: Carry out crossover on the two parents to create two children

9: Insert either the children or parent chromosomes in M,,.,, using P.

10: For each of the just inserted chromosomes in M,,,,, carry out mutation based
on P,

11: end for

12: Carry out Elitism using E,

13: M = Mew

14: Determine the fitness of each chromosome in M

15: Break the for loop if fitness value of best chromosome does not change for @
consecutive iterations

16: end for

17: return the user association solution 7

18: Input 7 in Algorithm 3 to determine the number of BBUs allocated to user u for
each association decision ”i.,u n pr

19: Return Assocy, ’

20: end procedure

|| is the number of genes in a chromosome, which also corresponds to the number of users
in the ITNTN. Also, the summation of all genes’ fitness values gives a chromosome’s fitness
value. Moreover, the SINR or cell radius to the different access nodes must be known to
calculate the fitness values. Therefore, the time complexity due to the evaluation of fitness
values of all chromosomes in a generation is O(M x |U| x |[N]). The overall time complexity
of the proposed GA is therefore given by O(G x (M + M + M x [U| + M x [U| x |N])) =

O(Gx M x (2+|U|+|U| x|N)), where G is the number of generations. This time complexity
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Algorithm 3 Resource allocation algorithm

Input: Chromosome g, , access node available number of BBUs NumijU, achievable data
rate user statistics to the different ANs determined using (3.10)

Output: User association and resource allocation set, Assocﬁj
1: procedure RESOURCE ALLOCATION
2: Initialise: Assocy, = 0
3: for Each gene “ﬁj,u € p, do

4: u=1

5: Determine validity status x,, of ,uf }
6: if z,, == 1 then 3
7 Allocate nb:: BBUs to user u according to (4.5)
8: Deduct nb:: from NumfJ BU

9: Append [u,uﬁj’u, nb::] to Assocy,
10: else

11: nb" =0

12: ApE)end [u,uﬁj,u,nb::_] to Assocy,
13: end if

14: u=u-+1

15: end for

16: Return Assocy,

17: end procedure

can be reduced to O(G x M x |U| x |N|). Consequently, the proposed GA has a polynomial

time complexity of the order O(G x M x |U| x |N]).

4.4 The ILP solution

The problem P1 is an NP complete problem that can be solved using variants of the branch
and bound algorithm. Therefore, we utilise the Gurobi solver to derive the ILP solution
based on linear programming (LP) relaxation and branch and bound [142]. Since the decision
variables are binary, the problem’s search space has a size of two to the power of the number
is |U| x |N|. However, for a

of binary variables. The number of association variables u

nj,u
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given user u,, the minimum number of BBUs an: required to meet its QoS demands varies
according to the AN the user is associated with. This implies that the user then has to also
decide the AN to associate with based on the variable nb:: Consequently, this gives an
additional || x |N| decision variables, making the total number of variables 2 x |U| x |N.
The computational complexity of the ILP solution is then given by O(22*MIxVI) " Hence,
the worst-case computational complexity of the ILP solution varies exponentially with the
number of users and the number of ANs in the network. Ultimately, this necessitates other
efficient solutions to the problem that require a worst-case time complexity that is polynomial

and not exponential, hence, the proposed GA.

4.5 The baseline and random user association (RUA)

algorithms

The baseline and RUA schemes are also analysed as benchmark solutions. The baseline
association also called the greedy algorithm in this work, associates static users with
ANs based on maximum SINR. In contrast, mobile users are associated according to the
largest cell radius. The description of the greedy algorithm, together with its pseudo
code, is given in Section 3.5. The overall time complexity of the greedy algorithm is
O(lU| x (log|U| + |N|log |N])) as explained in Section 3.5.2. Since the accuracy of the
proposed GA is dependent on the population size M and the number of generations G,
which are usually greater than the number of access nodes |[N/, it is clear that the greedy

algorithm has a much shorter worst-case running time than the proposed GA. However,
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as the results will show in Section 4.6, the GA achieves a better performance regarding
maximising the objective function in problem P1.

On the other hand, the RUA approach associates users randomly with any available AN.
Such an algorithm has the shortest worst-case running time, which is proportional to the
number of users. Hence, the time complexity of the RUA algorithm is given by O(|U]).
Important to note is that, like the GA, both the greedy and RUA algorithms prioritise i) the
euRLLC use-case and ii) the use of NTNs over the TNs for service provisioning of the mobile
LDHMC users. The RUA algorithm associates mobile users randomly to any available NTN,

and if these are not available, then the TN is considered.

4.6 Results and performance evaluation

In this section, the performance of the proposed GA is compared to the ILP solution
estimated by the Gurobi solver, greedy, and RUA solutions. First, the main simulation

parameters are presented, and after, the results and their discussion.

4.6.1 Simulation assumptions

We consider a circular urban region of 3 km radius that is within the coverage of a LEO
satellite and a HAP AN and also contains 1 LAP AN and MBSs with a radius of 2 km
and 1 km respectively. Fig. 4.2 is an example of the network deployment with 2 MBSs in
the considered user distribution area. Users within the considered region are uniformly and

randomly distributed. Table 4.2 [19, 1, 111, 112] gives the radio environment parameters
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used to validate the proposed solution. Given that the performance of the GA is highly
dependent on the probability of crossover P., probability of mutation P,,, and population

size M, the values of these parameters are determined before results analysis.

User distribution area that

/is within coverage of a HAP
and LEO satellite ANs

3000
LAP coverage area
2000
1000 -
0_
~1000 -
~2000 -
MBS coverage
3000 area
~3000 -2000 1000 0 1000 2000 3000
Figure 4.2: Network deployment.
Table 4.2: Simulation parameters and values.
Parameter Value
Jogs fres fras fns (Frequencies) 2,3, 5] GHz
Twgs Tw, s T, Twg (BBU bandwidth) 0.18, 0.18, 1, 2] MHz
Number of BBUS for [ng, ng, ny, ns 10, 10, 20, 20]

T, Y, NMLoS, TINLoS 10.39, 005 1, 20]

D
[
[Pfl’lfes, Pﬁ’ges, Pfl’;’”es, Pfges] (maximum power at ANs) | [8, 5, 20, 25] Watts
[
8
[0
[

Shadow fading [B, S] , 4] d

[CL, PLF, PLY| 0, 23 dB]

AN height [2n,, Zng, Znays Zng) 40 m, 2 km, 17 km, 600
km]

Service group user ratio [[Ur| : [Up| : |Us|] [0.3:0.1:0.6]

Cv..v € [R,D,E&] [500, 1000, 1000] kbps

Noise spectral density —174 dBm
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4.6.2 GA parameter setting

The appropriate parameters used in the proposed GA solution are identified in this sub-
section. Fig. 4.3 shows the effect of P. on the GA convergence. P,,, M and the number
of users |U| are fixed at 0.1, 50, and 80, respectively, while P, is varied from 0.2 to 1, with
increments of 0.2. It is observed that the higher the value of P., the larger the fitness value,
hence, the better the solution found by the GA is at satisfying the objective function. Since

P. = 0.8 performed well as per Fig. 4.3, it is chosen to be used in this work.
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(4]
>
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Number of iterations

Figure 4.3: Effect of probability of crossover on GA convergence.

Next, the effect of P, on convergence is analysed by setting P, = 0.8, M = 50 and
|U| = 80. Fig. 4.4 shows that the higher the value of P,,, the worse the performance of the

GA, as the algorithm is transformed into a random search. P, is set to 0.1 since its fitness
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value and convergence rate are much better than any other value of P,,, as shown in Fig.

4.4.
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Figure 4.4: Effect of probability of mutation on GA convergence.

In Fig. 4.5, the effect of population size M on the GA convergence is analysed, with
P. =038, P, = 0.1 and |[U| = 80. The figure shows that convergence speed increases with
the population size M. Also, we observe that convergence is achieved by the 200th iteration
for all population sizes. In the following section, we set the population size M to 50 and the
number of iterations G' to 150. These parameters are chosen to strike a balance between the
accuracy and computation complexity of the GA, as both increase with M and G. Table 4.3

gives the parameters used for the GA.
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Figure 4.5: Effect of population size on GA convergence.

Table 4.3: GA parameters.

Parameter Value
Probability of crossover P, 0.8
Probability of mutation P, 0.1
Population size M 50
Number of iterations G 150

4.6.3 Simulation results

To validate the performance of the proposed GA, we simulate the ILP solution based on the
Gurobi solver of the problem P1. In addition, we compare the proposed GA with the greedy
algorithm and the RUA scheme.

Performance evaluation is based on four main metrics: the user AR, the total network
data rate as defined in (3.19), the SE, and the handoff probability. The user AR quantifies
the ratio of served users to the total number of users in the network. On the other hand,

the SE is the ratio of the overall system data rate to the total network bandwidth [137]. At

120



the same time, we define the probability of handoff as the ratio of the number of users that
experienced a handoff (and are thus served by another AN) to the total number of mobile

users during a given TTI.

4.6.3.1 Impact of trade-off factor «

This section first analyses the effect of the trade-off term o on data rate maximisation
(objective 1) and handoff minimisation (objective 2) in (4.1). As « affects only mobile users,
for this analysis, we consider 20 LDHMC users in a network comprising 5 ANs, i.e., 2 MBSs,
1 LAP, 1 HAP, and 1 SatComs AN.

Fig. 4.6 depicts that in solving the MOOP in (3.23) as a SOOP P1 for varying values of
a, a set of Pareto-optimal solutions exist. These solutions are generated using Algorithm 2
for values of a ranging from 0 to 1 with an increment size of approximately 0.0526. As Fig.
4.6 shows, the generated Pareto-optimal solutions form a Pareto-optimal front below which
the region comprises suboptimal solutions and above which are infeasible solutions. From the
figure, the points are concentrated at both ends of the curve. This shows that for the mobile
users, « acts to either maximise data rate or minimise mobility-induced handoff. When the
value of « is lower than 0.5, function two of (4.1) is maximised, which ultimately minimises
the handoff probability, and as « increases beyond 0.5, then function one is maximised
consequently maximising data rate. Figs. 4.7 and 4.8 further support this observation. In
Fig. 4.7, the SE is low for low values of «, and a step to higher SE is observed at a ~ 0.5.
In the same manner, in Fig. 4.8, the probability of handoff is approximately 0 for av < 0.5

when objective two is prioritised, and once « increases above 0.5, the handoff probability
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Figure 4.6: Pareto-optimal front of the MOOP in (3.23).

increases since the priority becomes data rate maximisation, and the nodes that maximise

data rate are not necessarily the same as those that minimise mobility-induced handoff. The

w o o
w [=] L
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Figure 4.7: Spectrum efficiency with varying a.
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Figure 4.8: Probability of handoff with varying a.

instability observed in both Figs. 4.7 and 4.8 for a > 0.5 is caused by motion of the users.
The users keep moving at different velocities out and into coverage of different ANs resulting
in unstable achieved total data rate and handoffs experienced. Since a either maximises
the data rate or minimises the mobility-induced handoff, in all the following simulations, we
assume that the objective of the mobile users is to minimise the handoff probability and, as

such, set a = 0 for the LDHMC service group.

4.6.3.2 Impact of user density

We then evaluate the proposed algorithm’s performance while varying the number of users
in the network. We maintain the number of ANs at 5, with 2 MBSs, 1 LAP, 1 HAP, and 1

SatComs AN.
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In Fig. 4.9, we analyse the user AR performance of all algorithms. Generally, as the
number of users in the network increases, the AR reduces due to resource scarcity. On
average, the AR achieved by the GA, ILP, greedy, and RUA algorithms is 0.923, 0.912,
0.894, and 0.886, respectively. The proposed GA achieves a user AR that is better than the
ILP, greedy, and RUA solutions by 1.2% 3.1% and 3.9%, respectively. The GA performs
better than all algorithms because its fitness value is optimised to increase with the number
of users admitted to the network. In contrast, the ILP, greedy, and RUA do not optimise

user AR.
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Figure 4.9: User acceptance ratio with varying number of users.

Figs. 4.10 and 4.11 depict the performance of the different algorithms with respect to the
achieved total network data rate and spectrum efficiency, respectively. The two figures follow
the same shape since the number of ANs is fixed, implying that the total system bandwidth
is also fixed. As the number of users in the network increases, the total data rate increases,
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Figure 4.10: Total network data rate with varying number of users.
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Figure 4.11: Spectrum efficiency with varying number of users.

thus increasing the achieved SE. However, at about 60 users and above, the achieved network

data rate remains constant since the available resources become insufficient to meet the

125



QoS requirements of all users. Ultimately, all algorithms saturate, as the achieved total
network data rate and resulting SE remain constant irrespective of the number of users in the
network. The SE achieved on average by the GA, ILP, greedy, and RUA algorithms is 10.852,
10.836, 9.934, and 9.993 b/s/Hz respectively. The performance of the GA outperforms the
ILP, greedy, and RUA algorithms by 0.14%, 8.45%, and 7.92% on average, respectively. It
is important to note that the RANs in the ITNTN have BBUs of different bandwidths.
Therefore, a RAN may have a higher SINR, but because of smaller-sized BBUs, it achieves
less data rate than another RAN with bigger-sized BBUs. Thus, the greedy algorithm, whose
association for static users is based on maximum SINR, does not guarantee maximum data
rate in the ITNTN, thereby leading to a lower SE when compared to the proposed GA,
whose value function is based on maximising the achieved data rate. The performance of the
RUA algorithm is also lower than the GA, as this algorithm associates users randomly to any
available capable RAN without regard for the achieved data rate. The excellent performance
of both the GA and the ILP solutions is because both are based on maximising the data
rate of the ITNTN.

In Fig. 4.12, the euRLLC user acceptance ratio performance is depicted. The euRLLC
users are prioritised over other users for all four algorithms, as it is vital to mitigate call blocks
for this use case. Consequently, a high AR is observed for all algorithms, with average values
being 0.996, 0.997, 1, and 0.997 for GA, ILP, greedy, and RUA algorithms, respectively.
The GA performs worse as this trades off euRLLC user acceptance for the feMBB users,
as observed in Fig. 4.14. Hence, its better performance in total network data rate in Fig.

4.10 when compared to the ILP solution, whose priority factor in the SOOP P1 forces it to
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connect more euRLLC users who require less data rate than the feMBB users. Nonetheless,
the GA’s euRLLC AR performance is within an average of 0.14% of the ILP solution’s
euRLLC AR. The greedy algorithm performs the best in euRLCC user AR since it is hand-

crafted to serve all euRLLC users without regard to the achieved total network data rate.

1.00 L d L d L d . d v v v w_

0.95 4
0.90
0.85 1
0.80 4
0.75 4

0.70 4

—e— GA —— RUA
—+— Greedy —4— ILP

0-60 T T T T
0 20 40 60 80 100

Number of users

0.65 1

Normalised euRLLC user acceptance ratio

Figure 4.12: euRLLC acceptance ratio with varying number of users.

The large coverage NTNs were prioritised in all four algorithms to serve the mobile
LDHMC service group. Therefore, as is depicted by Fig. 4.13, the AR for this service group
is 1 for all algorithms and all numbers of users. This is because of available resources in the
network to serve this service class. On the other hand, Fig. 4.14 shows the acceptance ratio
of the feMBB use case. In this work, the priority of this use case is lower than other use

cases, hence the steep decline in AR beyond 60 users when the resources in the network are
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no longer enough to serve all users. The feMBB AR performance of the GA, ILP, greedy,

and RUA algorithms is 0.87, 0.85, 0.82, and 0.81 on average, respectively.
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Figure 4.13: LDHMC acceptance ratio with varying number of users.

We analyse the handoff performance of all algorithms in Fig. 4.15. The GA, ILP, and
greedy algorithms can associate the LDHMC mobile users to the ANs with the largest cell
radius and thus achieve a handoff probability of 0 for all numbers of users in the network.
Such a good performance is because the GA uses the fitness function to impose a high
penalty for not associating mobile users to the RAN with the largest cell radius. Similarly,
the ILP model is coded to maximise the handoff reduction function in P1. Along the same
lines, the greedy heuristic algorithm is hand-crafted to prioritise using the RAN with the
broadest cell radius for mobile users. On the other hand, the handoff probability for the
RUA algorithm is worse by 48.5% on average, respectively. This is because in the RUA
algorithm, the LDHMC user association randomly alternates between the NTN ANs, thus
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Figure 4.14: feMBB acceptance ratio with varying number of users.

achieving the highest handoff probability. This probability reduces with the number of users
for the RUA algorithm because resources of smaller radius ANs are depleted, and users are

now forced to associate with the large coverage cells.

4.6.3.3 Impact of access nodes density

Next, we analyse the impact of AN density on the four different algorithms. While ANs are
deployed randomly, the placement of ANs that belong to the same tier is such that there
is a limit to the amount of area that can be overlapped by different cells. Therefore, to
enable the deployment of many MBSs in the considered region, the user distribution radius
is increased to 4 km. This region is still within the coverage of 1 satellite and 1 HAP. We
also deploy 1 LAP and vary the MBSs from 2 to 10 while maintaining the number of users

at 80.
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Figure 4.15: Probability of handoff with varying number of users.

Fig. 4.16 shows that the GA achieves the best total network data rate performance as
the number of ANs in the network increases. On average, GA’s performance outperforms the
ILP, greedy, and RUA algorithms by 0.24%, 1.04% and 1.1%, respectively. The oscillatory
behaviour of the achieved network data rate as the number of ANs increases is due to the
random deployment of both ANs and users in each iteration during the simulation. A scenario
can happen when users in certain cells have high path loss resulting into reduced data rate.
The AR will increase since the number of ANs serving unserved users is increasing, as shown
by Fig. 4.18, but it is possible for the data rate to reduce if majority of these users have
high path loss to their associated ANs.

Fig. 4.17 depicts the SE achieved by all four algorithms. Generally, the SE decreases
as the number of ANs increases because the rate of increase in data rate is less than the

rate at which bandwidth increases. Consequently, the ratio of the total network data rate
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Figure 4.16: Total network data rate with varying number of access nodes.
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Figure 4.17: Spectrum efficiency with varying number of access nodes.

to total network bandwidth decreases as the number of access nodes increases. The GA still
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outperforms the ILP, greedy, and RUA algorithms by 0.24%, 1.04%, and 1.1%, on average,
respectively.

Fig. 4.18 shows that the average AR achieved by the GA, ILP, greedy, and RUA
algorithms is 0.899, 0.866, 0.843, and 0.824, respectively. The GA outperforms the ILP,

greedy, and RUA algorithms by 3.7%, 6.2%, and 8.3%, respectively. Since all users in the
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Figure 4.18: User acceptance ratio with varying number of access nodes.

network cooperatively contribute to the fitness value of the GA algorithm, this solution
maximises the number of admitted users in the network. It hence achieves a higher user
AR than all other algorithms. The greedy and RUA algorithms have poorer performance in
terms of SE and AR since these lack the intelligence needed to maximise P1. The greedy
algorithm associates static users based on maximum SINR, while the RUA approach does

so randomly without regard for maximising the AR or achieved data rate. The ILP solution
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also has a poorer AR performance than the GA since the objective function P1 does not
maximise user AR.

Moreover, Fig. 4.19 also shows that as the number of ANs in the network increases, the
GA, ILP, and greedy solutions achieve superior performance in terms of handoff probability.
Such high performance is attributed to the GA fitness function and the greedy algorithm
formulated to associate mobile LDHMC with the AN with the largest cell radius in each
TTI. Also, since maximising the handoff reduction function is part of the objectives of P1,
the ILP solution associates the mobile users to the cell with the largest radius too. As such,

the GA, ILP, and greedy algorithms achieve a handoff probability of 0. On the contrary the
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Figure 4.19: Probability of handoff with varying number of access nodes.

GA, ILP, and greedy algorithms perform better than the RUA approach regarding handoff
probability by 51.8% on average. The poor performance of the RUA algorithm is attributed
to the fact that a mobile user is associated with any NTN AN at random. Consequently,
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the ANs chosen for the association by the RUA algorithm keep changing in each iteration.
Since the GA achieves a handoff probability of 0 while maintaining the highest data rate
performance, it is well suited for future scenarios characterised by highly mobile users for
which increased handoff implies increased delays and a high probability of call drops due to

handoff failure, consequently degrading the QoS of the users.

4.6.3.4 Impact of network overload

The previous simulations argue that the nodes with the broadest coverage should be
prioritised to serve the LDHMC service group to reduce mobility-induced handoff. However,
in this section, we analyse the performance of the proposed GA in a network experiencing
overload conditions. To best evaluate this scenario, we decided to give the same priority
to both the feMBB and LDHMC service groups to have a fair comparison in overloading
conditions for both use cases. The euRLLC use case is still prioritised, and the simulation
is performed considering 5 ANs, i.e., 2 MBS, 1 LAP, 1 HAP, and 1 Satcoms AN.

First, Fig. 4.20 shows that for all algorithms, there is a slight change in the SE as
the number of users increases in the overloading conditions. In this condition, the limit on
the number of users the network can support has already been reached, beyond which the
network observes only a slight variation in SE. On average, the ILP solution outperforms
the GA, greedy, and RUA algorithms by 0.6%, 1.65%, and 1.5%, respectively. We observe
a decrease in performance of the GA when compared to the ILP solution during conditions
of overload. This is attributed to the fact that the accuracy of the GA reduces for the

same number of chromosomes and generations during conditions of overload. Nonetheless,
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on average, the GA still outperforms the greedy and RUA algorithms by 0.7% and 0.54%,

respectively.
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Figure 4.20: Spectrum efficiency with varying number of users.

Fig. 4.21 shows the AR of all algorithms in overloading conditions. In Fig. 4.21, the ILP
solution outperforms the GA, greedy, and RUA algorithms in user AR by 1.3%, 3.3%, and
3.2%, on average, respectively, during overloading conditions. A slight reduction in user AR
performance by the GA is observed when compared to the ILP solution for very high number
of users. Nevertheless, the GA still outperforms the greedy and RUA algorithms. Similarly,
the GA’s handoff performance declines during overload conditions, as depicted by Fig. 4.22.
The handoff performance of all algorithms decreases with increasing users since the ratio of
the number of served LDHMC users to total LDHMC users reduces. Consequently, the ratio
of the total number of users that experience a handoff during a given TTI to the total number
of mobile users also decreases as the number of users increases. The performance of the GA
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Figure 4.22: Mobility-induced handoff under network overload conditions.
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Figure 4.23: The CDF of the total network data rate using the GA.

in Figs. 4.20, 4.21, and 4.22 can be improved by increasing the number of chromosomes
and generations during the simulation process. However, this increases the computation

complexity as was elucidated in Section 4.3.2.4.

4.6.3.5 Cumulative Distribution Function (CDF) of the total network data rate

In this section, the CDF is used to provide an insight into the performance bounds of the
proposed GA. The total network data rate performance is analysed over 1000 simulations
for 80 users in a network consisting of 2 MBSs, 1 LAP, 1 HAP, and 1 satellite. Fig. 4.23
depicts the CDF for varying number of ANs in the network. The figure shows a steep rise of
the CDF from 0 to 1 for all three considered number of ANs, indicating a small range within
which all 1000 results fall. For instance, considering 7 ANs in the network, the figure shows

the probability that a simulation will return data rate less than 8.3 x 10® b/s is almost zero
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(about 0.02), while 99% of the simulations return a data rate that is less than 8.35 x 108 b/s.
This gives an insight into the upper and lower bound performance, with the upper bound

having a gain of about 0.6% over the lower value.

4.7 Chapter summary

This chapter presented a polynomial-time solution based on the GA to the user association
sub-problem P1. In the GA solution, P1 was encoded into a sequence of chromosomes, and
service-dependent fitness functions were formulated to determine the near-optimal UARA
solution. The simulation results showed that as the number of users in the network increased,
the proposed GA achieved a user AR that was better than the ILP, greedy, and RUA
solutions by 1.2%, 3.1% and 3.9%, respectively. Also, its SE performance outperformed
the ILP, greedy, and RUA algorithms by 0.14% 8.45% and 7.92% on average, respectively.
Moreover, the GA still presented a gain of 48.5% on average, over the RUA algorithm in
terms of handoff probability.

The simulation results further revealed that for an increasing number of ANs, the
proposed GA’s SE outperforms the ILP, greedy and RUA schemes by 0.2%, 1.04% and
1.1% on average, respectively. Moreover, the GA outperformed the RUA algorithm in terms
of handoff probability by 51.8% on average, and its user acceptance ratio outperformed the
ILP, greedy and RUA algorithms on average by 3.7%, 6.2% and 8.3%, respectively. Results
however showed a decline in performance of the GA during overload conditions. In these
conditions, the GA performed worse than the ILP solution in terms of SE and AR, by 0.6%,
and 1.3%, on average, respectively. Nonetheless, the GA outperformed the greedy and RUA
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algorithms by 0.7% and 0.54% respectively in SE; and 2.07% and 1.65% respectively in terms

of AR.
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Chapter 5

Latency-Aware Multi-Agent Deep
Reinforcement Learning for User

Association and Resource Allocation

in the ITNTN

This chapter investigates the use of reinforcement learning, particularly the double deep Q
learning with duelling architecture, to solve the user association sub-problem P1 defined in
(3.29). Moreover, the centralised training and distributed execution framework is adopted to
allow faster convergence and facilitate real-time decision-making. Furthermore, in addition
to ensuring data rate QoS provisioning as done by the preceding chapters, this chapter also

guarantees the delay QoS requirement for the mission-critical euRLLC service group.
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5.1 Introduction

The user association sub-problem P1, formulated in Section 3.4.1, is a weighted sum
SOOP that associates users to the appropriate ANs and further allocates the minimum
resources required to meet their QoS requirements. The problem was formulated to be
priority-aware, prioritising the euRLLC users to avoid their denial of service, which could be
catastrophic. Moreover, to minimise the mobility-induced handoffs, the problem prioritised
service provisioning of the LDHMC service group through ANs with the largest radii. Also,
given the long propagation delays experienced by the satellite RAN, the optimisation problem
ensured that the mission-critical users are not associated with the satellite RAN of the
ITNTN.

The user association problem P1 was observed to be an NP-complete problem and thus
can be solved efficiently using variants of branch and bound algorithms. However, these
require a worst-case time complexity that increases exponentially with the problem size,
as was shown in Section 4.4. Near-optimal but polynomial-time solutions to NP-complete
problems have been obtained in literature utilising various strategies such as meta-heuristics
like the GA [143], PSO [144], and game theory [145]. As a matter of fact, Chapter 4
presented a near-optimal solution to P1 based on the GA. However, these approaches utilise
a central node that requires nearly complete information to derive the UARA solution. This
information may not be available in real-time and, if available, is acquired at the expense
of increased communication overheads [96]. Therefore, achieving efficient solutions without
such complete information is challenging for these strategies. Besides, the metaheuristics that

yield near-optimal solutions in polynomial time are still computationally complex since their
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accuracy depends on parameters such as the population size and the number of generations
for the GA case; thus, these algorithms are hard to execute in real time. Furthermore, given
the dynamic environment of the ITNTN involving users having heterogeneous demands and
RANSs characterised by different peculiarities in meeting these needs, there is a need for more
intelligent and flexible UARA techniques that can yield near-optimal solutions in real time.

Recently, the reinforcement learning (RL) technique has been found to provide the needed
intelligence in determining efficient solutions for large-scale dynamic environments, especially
wireless networks [146, 147, 148]. RL can perceive changes in such dynamic networks through
interaction with the environment and making the appropriate decision. In dynamic network
environments scenarios, model-free RL algorithms are often used in determining the optimal
policy, primarily because they can infer decisions without prior knowledge about the system
model and adapt to stochastic transitions in the system [149]. Given that Q-learning [150] is
the simplest and most commonly used model-free RL algorithm, we adopt this technique
to introduce intelligence and thus determine a near-optimal solution to the formulated
SOOP P1 defined in (3.29). However, the Q-learning based on the Q-table works well
for a small-scale optimisation problem, yet the formulated UARA problem for the ITNTN is
characterised by large state and action spaces. As such, finding the optimal policy through
the Q-learning iterative process of computing and updating the Q-value table is challenging.

Making use of deep neural networks (DNNs), however, deep reinforcement learning (DRL)
has shown great potential in resource management of large-scale wireless networks [146, 147,
148]. The starting point of DRL is the Deep Q-Learning (DQL) or Deep Q-Network (DQN)

technique, but it is limited by the Q-value over-estimation problem [151]. We leverage the
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double DQL (DDQL) algorithm proposed by [151] to solve the over-estimation issue such that
optimal reward values can be obtained. Moreover, we further utilise the duelling architecture
[152] that yields a more reliable Q-value for each action and thus improves the performance
of DQN. Simulation results validate the higher performance of the duelling double DQN
when compared to the DQN algorithm.

While it is possible to use the single agent RL to find the solution to P1, we agree with
[153] that the single agent RL is insufficient in modelling systems with interrelated agents.
In such a case, the single RL agent learns to make decisions while considering other agents as
part of the environment, thereby not considering their impact on its decision and eliminating
any possibilities of coordination among agents. Therefore, while using the duelling double
DQN to solve the formulated problem P1, the centralised training and distributed execution
framework is adopted, as was done by [147, 148, 123]. This framework considers a multi-
agent system in which each user in the network acts as an agent. In every time step, all
agents simultaneously take actions in a distributed manner and store their experiences in
the replay memory. A central node then samples a batch of experiences from the replay
memory, which it uses to train the centralised DQN model. After this, the new parameters
are propagated to the different agents to update their copies of the DQN.

On the one hand, centralised training allows agents to learn together since they share
parameters, leading to faster convergence [148]. Moreover, it also significantly reduces the
computation and storage resources required for the training phase [148]. On the other
hand, the distributed execution enables each user to infer a decision without knowledge of

other users’ CSI, facilitating real-time decision-making. Consequently, different from the
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GA proposed in Chapter 4, this chapter presents a real-time solution to P1 based on the
centralised and distributed multi-agent duelling double deep Q network (MA3DQN) in which
each user acts as an agent, required to determine the best AN for its service provisioning.
Moreover, unlike the previous chapters, this chapter leverages the effective capacity theorem
[154] to guarantee the delay QoS requirement for the mission-critical enRLLC service group.
Furthermore, as was already discussed in Section 2.6.4.1, the works [92, 93, 94, 95, 96, 97,
98, 99, 100, 101} in the literature that focused on using RL to facilitate intelligence and
real-time resource management in the I'TNTN did not consider the integration of all the
four RANs in the ITNTN. Also, they did not account for user QoS provisioning according to
heterogeneous service groups nor examine the uniqueness of the different RANs in the [TNTN
in meeting the contrasting user requirements, a gap that the proposed MA3DQN solution
to P1 addresses. The performance of the proposed MA3DQN solution is compared to six
other algorithms: the GA and ILP solutions presented in Chapter 4, the greedy algorithm
proposed in Chapter 3, the RUA algorithm, the approximation algorithm proposed by [39]
to solve the generalised assignment problem (GAP), and the simulated multi-agent DQN

(MADQN) algorithm. The notations used in this chapter are in Table 5.1.

5.2 System model

The system model used in this chapter is similar to that described in Section 3.2, but with
minor changes that allow packetized traffic. Therefore, as was done by [155], link-layer
packetized traffic is used to model data traffic arrivals at the transmission queue of an AN.
Data packets that are destined to a user u,, belonging to service group v € {R, £, D} arrive at
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Table 5.1: Notations defined in Chapter 5.

Symbol Description

b,l,h,s MBS, LAP, HAP, satellite AN

B,L,H,S Set of ANs in the MBS, LAP, HAP, satellite RAN

Jyn;, U A RAN, AN in the j-th RAN, the set of users in the ITNTN
v, E,R,D A service group, feMBB, euRLLC, LDHMC service group
u., u, U, Set of users demanding &£, R, D

uJU/S?u’R?u’D?uU

User, an feMBB, euRLLC, LDHMC user, user belonging to
service group v

Wi, wj, Ry, A set of BBUs owned by RAN j, a BBU owned by RAN j, n;
cell radius

T, Py, N Bandwidth of the BBU w;, AN n; bandwidth, set of all ANs
in the ITNTN

Crj uw; Data rate of a user v using BBU w; of AN n;

P T User association variable, coverage index

§and ¢, oo

Normalisation factor and penalty factors

/\uvy Luw Dmaxv €

Average packet arrival rate, packet size, delay bound, delay
bound violation probability

nb"

"j

Minimum number of BBUs allocated to user u belonging to
service group v by AN n;

man
(107 ﬁUR 9 CU’R

Effective capacity, QoS exponent, minimum delay bound rate

R s The largest possible cell radius in the ITNTN

S, A P, R State space, action space, transition probability, reward
function

i, Association validity status of user u associated with AN n; in

time step ¢

Sty g, Tt State, action, and reward at time step ¢

sy al, State, action, and reward of agent u at time step ¢

st at, rtv State, action, and reward of agent u

s,a,r,s Current state, action taken at state s, reward obtained, next
state

v, Q@ Discount factor, learning rate

& UVY, LEY

Coverage vector, achievable utility vector, loading status
vector of user/agent u to different ANs in time step ¢

&, UV

t,n;o

LFy,

Coverage status, achievable utility value, loading status of
agent u to AN n; in time step ¢

the AN transmission queue periodically, following a Poisson process with an average arrival

rate of \,, packets/s, each packet having a size L, bits Vv € {R, &, D}.
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5.2.1 Delay QoS model

The Shannon capacity depicted by (3.10) does not consider the QoS delay requirement, which
is critical for the euRLLC users. Given the stochastic behaviour of the mission-critical U/,
users, we employ the effective capacity theorem defined in [154] to guarantee their delay QoS,
as was done by [35]. The effective capacity is used in this work because of its implementation
simplicity, high accuracy, and ease in translating delay-bound QoS metrics into guarantees.
Therefore, the effective capacity theorem determines the minimum achievable rate bounded
by a specified latency violation probability. In this regard, considering an euRLL user u,,,

its effective capacity is given by [154]

1

1 y t
P(V, ) = lim i log E [eﬂ RZ‘“R} , (5.1)

Ur

where ¢, is the QoS exponent, Z:gu is the number of data packet arrivals of user u, over
R
the time interval [0, 1) and E[-] denotes the expectation operator.
Employing the definition of the moment generating function of a Poisson process over

the time interval [0,¢), (5.1) is further derived as [156]

() = —F : (5.2)

where A, packets /s is the average arrival rate of data packets arriving at an euRLLC user.
On the other hand, utilising the large deviation theory [154, 157], the probability that

the downlink transmission delay DZ? of an euRLLC packet from AN n; to user u,, exceeding
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a delay bound D,,,, is approximated as
Pr{Dy® > Doy}~ e urtur Pmax g (5.3)

where ¢ is the delay bound violation probability threshold. The minimum achievable rate
)\um;" in packets/s can be obtained from (5.3) as

. log,
)\mzn € .
UR lf u [: max

R

(5.4)

According to the effective capacity theory [154], the delay bound violation probability
can be guaranteed not to exceed the threshold ¢ in (5.3) only if )\Z"”;” is equal to the effective
capacity (0, ). Therefore, equating (5.4) to (5.2) and after carrying out some algebraic
manipulation as illustrated in Appendix A, the minimum rate in bits/s that guarantees the

bound on the delay violation probability can be expressed as

Ly, log. e
log, 7
Dmaxlog, [ 1 — —=—
( )\UR Dmax)

where L, , is the euRLLC user’s packet size.

min __
CUR = —

(5.5)

5.3 Problem formulation

In this section, the optimisation problem P1 formulated in Chapter 3 is recalled and updated

to account for packetized traffic and the guarantee on delay QoS for the euRLLC service
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group. The QoS requirement for the feMBB and LDHMC use cases is maintained as data
rate. Recall that the objective function of problem P1 was a weighted-sum SOOP comprising
two functions, the achieved total network data rate and the network handoff reduction. For

purposes of clarity, the objective function is rewritten below:

wo R,.
X =a' Z Z Py Mo, nbnj Crjuw, + (L—0a') oy Z Z Pas tha L, (5.6)

n;eN veld n;eN ueld mazx

where o' provides a trade-off between data rate maximisation and handoff reduction
maximisation. d; and dy are normalisation factors while p, enables prioritisation of a user
u belonging to any service group v € {R, &, D}. [ is a binary association factor that is 1
when the user u is associated to the AN n;, and 0 otherwise. nb:: is the minimum number
of BBUs that AN n; allocates to user u belonging to the service group v to meet its QoS
requirements. On the other hand, Cp; .., is the data rate that the AN n; allocates a user u
over the BBU w;. In contrast, R, is n;’s cell radius while R4, is the largest cell radius in
the ITNTN. Thus, taking into consideration packetized traffic and delay QoS requirements

for mission-critical users, the formulated problem is then given as

P4:

max x (5.7)
o

s.t.

Clip, ,<m, .. Vo eN, Yuel

C2: Z Tow b <1, Yug €U,
nje{B U L U H}
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C3: Z T My = 0, Vur €U,

Ch: nb

. C:ann
6 nbf:{ : } Y g €U

CT: Zﬂ'nj’u Mo nb " T, < P, VnjeN

In constraint C1, T,.. Tepresents a binary index that is 1 when the user lies in the AN’s

coverage and 0 otherwise. Therefore, C1 ensures that a user can only associate with an AN
in whose coverage the user lies. In contrast, the constraints C2, C3, and C4 allow a user to
be served by, at most, one AN that can meet the QoS requirements of the user. Constraint
C5 ensures that a served feMBB or LDHMC user receives the minimum number of BBUs
required to meet its data rate, while in C6, the minimum number of BBUs that guarantee
the delay bound rate of an ueRLLC user is assured. The operator, [-]| in C5 and C6, ensures
that a BBU is allocated to at most one user. On the other hand, U2**¢, U2**°¢, and U***° in
C5 and C6 define sets of associated users belonging to £, D, and R, respectively, such that
UZFC U UL U U = Unssociated; Where Uyssociated 18 the set of users for which M = 1.

C7 ensures that the AN’s resource budget is not exceeded, while C8 assures that the user

association variable is binary.
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The optimisation problem P4, just like P1, is a (0,1) ILP problem. Chapter 4
demonstrated that an ILP solution to such a problem can be determined using LP relaxation
and branch and bound via the Gurobi solver. However, it was seen that this solution has
a computational complexity that increases exponentially with the network dimension and
thus is inappropriate, especially in large-scale networks such as the ITNTN. Moreover, such
high-time complexity is not well suited for 6G scenarios characterised by delay-sensitive
applications. The GA solution was proposed in Chapter 4 to obtain a near-optimal solution
in polynomial time for the optimisation problem P1. §Still, this requires near-complete
information by a central node to obtain the near-optimal solution. Such information
may be unavailable in real-time and, if available, is acquired at the expense of increased
communication overheads [96]. Besides, the GA solution is still computationally expensive,
as its accuracy depends on parameters such as the number of generations and population
size, which must be high to obtain a good solution. Thus, the GA does not give a real-time
solution.

However, works in literature such as [123, 96] have demonstrated the capability of
RL approaches in finding near-optimal solutions to combinatorial optimisation problems
characterised by dynamic environments. Moreover, the intelligence obtained after training
in the RL algorithms enables these schemes to make real-time decisions. Consequently, this
chapter investigates using RL to solve the problem P4. In particular, the work embraces
the centralised training and distributed execution framework to reduce the computation
resources and memory required for training and allow real-time decision-making by the users

without needing to know other users’ information in the network.
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5.4 The proposed reinforcement learning (RL) user

associlation solution

The proposed multi-agent duelling double deep Q-learning solution to problem P4 is
described in this section, but first, a brief review of RL, including the Q-learning and DRL

techniques, is expounded.

5.4.1 A review on Q-learning and deep reinforcement learning
(DRL)

In a single-agent RL system, an agent interacts with an environment by taking actions
to maximise some reward. Such a problem can be modeled as a Markov decision process
(MDP) represented by a tuple (S, 4, P, R). S represents the set of possible states of the
environment, A denotes the action space, P = P(s,,, | s,,a,) is the transition probability

from state s, to s,,, after executing action a,, and R = R(s,,a,) is the reward function [158].

t+1

According to Fig. 5.1, each time step ¢ involves an agent observing the current state s, € S
of the environment and selecting an action a, € A according to a policy 7(a, | s,). The agent
executes the selected action, receives a reward r,., = R(s,,a,) and then the environment

tr 't

transitions to a new state s, , € S with transition probability P(s, , | s,,a,). The agent

t+1

continues this process until the terminal state is reached, marking the end of an episode,

after which the process is repeated in a new episode. The accumulated discounted reward
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Figure 5.1: The agent—environment interaction in a Markov decision process.

in time step ¢ is defined as [158]

G, = Z’VthJrkH, (5-8)
k=0

where v € [0, 1) is the discount factor used to determine the present value of future rewards.
When v = 0, the agent is only concerned about maximising immediate rewards, and as
~ approaches 1, the agent becomes more far-sighted and considers future rewards more
strongly. The agent’s goal is to learn a policy 7 : S — A that maximises the expected
accumulated discounted reward across any given episode. The Q-learning algorithm has
been used extensively in scenarios involving dynamic network environments to determine

this policy.

5.4.1.1 Q-learning

The Q-learning RL algorithm’s policies are characterised by the state-action value function
(Q-function/Q-value). The Q-function Q7 (s, a) for the state-action pair (s,a) under policy
7 gives the fitness value of performing action a when the environment is in state s. In other
words, Q7(s,a) is the expected return an agent accumulates when the environment starts

from state s and the agent takes action a and thereafter follows the policy 7. Mathematically,
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the Q-function is defined as

oo

QW(& a) =K (Z ’7k7"t+lc+1 St = 8,0r = a) , (5.9)

k=0

where E(-) denotes the expectation operator. The optimal Q-function is then given by

Q*(s,a) = max Q" (s,a). Q*(s,a) obeys the Bellman optimality equation given by [158]

Q*(s,a) =E (rtH + 7 max Q (si11,d") | s8¢ = s,a; = a) : (5.10)

where a’ is an action in the next state s, ;. Once the optimal Q-function Q*(s,a) is known,
the optimal policy 7* for any given state s € S is determined by simply selecting the action

that gives the highest Q-function, that is,

m*(s) = argmax Q(s,a). (5.11)

a

Based on the agent’s experience < s,a,r, s’ >, where s is the current state, a is the action
taken at state s, r is the reward obtained from the environment after executing action a at
current state s, and s’ is the next state, Q-learning updates Q*(s, a) recursively [158]. The

update formula is given as

Q(s,a) «+ Q(s,a) +a [r+~ max Q(s',d) —Q(s,a)]. (5.12)
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The time index is dropped in (5.12) for simplicity. « € [0,1] is the learning rate used to
determine how much newly acquired information overrides the old information. The term
7+ max Q(s',a’) in (5.12) is referred to as the target, while Q(s, a) is the estimation. The
Q-values for all possible state-action pairs are stored in a table referred to as the Q-table,
such that @ : S x A — R.

The exploitation versus exploration dilemma must be addressed when deciding which
action to take for any state. During exploitation, the agent exploits the acquired knowledge
to improve performance by taking the action with the highest Q-function. On the other
hand, exploration allows the agent to take any random action to explore the environment
and possibly get better performance than what is already known. Consequently, there is
a need to consider the trade-off between exploitation and exploration during the action
selection procedure. One simple but very efficient strategy is the e-greedy decision policy.
In the e-greedy strategy, a random action is taken with probability € € (0, 1), while a greedy
action is chosen with probability 1 —e. € is set to one at the beginning of the training period,
and as the agent learns, it is decayed by a predefined rate until it is 0.1 and fixed after that

[159)].

5.4.1.2 Deep Q-learning (DQL)

Q-learning performs well for problems with small state and action spaces. However, as the
state and action spaces increase, the iterative process for updating the different possible
state-action pairs becomes computationally inefficient mainly because of two reasons [149].

First, the computational resources and time needed to traverse all the different state-action
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pairs to update their Q-values become infeasible. Second, the amount of storage needed for
the Q-table increases exponentially with the state and action spaces. Therefore, instead of
storing a lookup table of Q-values, recent research has proposed using function approximators
to estimate the Q-function. Since neural networks (NNs) can be used to approximate any
function, [159] proposed the DQL (also known as DQN) framework that integrates Q-learning
with multi-layer NNs (also called DNNs). In DQL, the agent’s state s is the input to the
DNN, which then predicts the Q-value Q(s,a) for each possible action a in the given input
state s. If the optimal Q-function Q*(s,a) is known, the obvious strategy is for the agent
to choose the next action as that with the highest Q-value [153]. The DNN in DQN is
characterised by a set of weights 6 that are used to determine the Q-function. Consequently,
the task of finding the optimal Q-function Q*(s, a) is essentially limited to searching the best
6, such that Q(s,a;0) ~ Q*(s,a) [123]. Simply utilising the DQN to estimate the Q-function
often leads to learning instability. T'wo proposals have been applied to the DQN to limit the

learning instability [160, 161]:

i) Instead of using one DQN to evaluate both the target and estimation in (5.12), two
DQNs: the target Q(s,a;0) DQN and online Q(s,a;6) DQN, having similar structure
are utilised. More specifically, for any experience < s,a,r, s’ >, the target DQN is used
to estimate the target r + ~ max Q(s',a’;0) while the online network calculates the
estimation Q(s,a;0). The weights of the online DQN network are updated in each time

step to minimise the loss function defined by

Losspgn(0) = [yDQN —Q(s,a;0), (5.13)
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where y,,, = r + 7 max Q(s',a’;0). On the other hand, the set of weights 6 of the

target network are updated after every 7 time steps and set to be equal to 6.

ii) In each time step, the experience < s,a,r, s’ > is stored in the experience memory D.
Therefore, instead of using only the current experience < s, a,r,s" > of each time step
during the learning process, the online DQN is trained by a mini-batch B of experiences
sampled randomly from D. This strategy, commonly known as the experience or memory
replay, is used to reduce the correlation among training samples and, as such, ensure

that the optimal policy is not driven to a local minima [160].

5.4.1.3 Double DQN (DDQN)

In DQN, the max operator in the target (r + = max Q(s',a’;0) ) uses the same network to
both select and evaluate an action. This leads to a maximisation bias problem, making the
Q-value function overly optimistic [158]. To solve this problem and consequently improve
performance, the DDQN [151] is proposed, in which the online network selects the next state
best action, and the target network determines the Q-value of the selected action. Therefore,

the loss function in DDQN is given by

Lossppan (0) = [Yppen — Qs a: )], (5.14)

where y,,on =7+ Q(s',argmax,, Q(s',a’;0);0).
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5.4.1.4 The duelling architecture

In the DQN and DDQN, the DNN of either the online or target network determines the Q-
value (s, a), which represents the value of choosing action a while in state s. However, the
duelling architecture proposed by [152] decouples the estimation of Q(s, a) into two separate
estimators: i) the state value function V'(s) that estimates how good it is for an agent to be
in state s, and, ii) the advantage function A(s,a) that gives the advantage of taking action
a at state s. Therefore, in the duelling architecture, the last hidden layer of the DNN is
split into two sub-networks to estimate V' (s) and A(s, a) separately, as depicted by Fig. 5.2.
The two streams V' (s) and A(s,a) are combined through an aggregation layer to give the
Q-function Q(s, a). The aggregation layer combines V' (s) and A(s, a) according to [152]:

Q(s,a;0,a,8) = [V(s;0,8) + <A(s,a;9,a) — maxA(s,a’;H,a)) , (5.15)

a’eA

where 6 are the mutual parameters for V(s) and A(s,a) while 5 and « are the unique
parameters for determining V'(s) and A(s, a) respectively. The duelling architecture leads to

more reliable Q-values since it considers the state’s value, thus improving performance.

5.4.2 The proposed multi-agent duelling double deep Q-network
(MA3DQN) solution

The proposed MA3DQN solution to the problem in (5.7) is presented in this section. First,
we present the multi-agent MDP formulation of the problem and later discuss the MA3DQN

process.
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Figure 5.2: The duelling architecture.
5.4.2.1 The multi-agent MDP formulation

Similar to [148, 123], we propose a multi-agent RL solution in which each user u is an agent,
observing a local state sy € S* of the environment, and taking an action aj € A" at time
step t, with the objective of maximising its long-term accumulative reward. Since other
agents’ actions affect each agent’s decision, the multi-agent RL is modeled as an extended
MDP [162]. The three key components of the extended MDP model, i.e., state, action, and

reward, are defined as follows.

i) State: The state of the environment as observed by agent u at time step ¢, s is defined
by relevant features of both the agent and the environment that enable the agent to
choose actions that lead to a high cumulative reward. Consequently, the state of each
agent consists of four parts: i) The agent’s service group u, € {€, R, D}. This feature
lets the agent know which ANs are incapable or suitable for service provisioning based on

its service group. ii) An | N | dimensional vector & that represents the coverage status
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of the agent u by the different ANs at time step ¢, i.e., & = (&1, &'y, - - - ’ngI) e RWI.
&y, €10,1} Vny € {1,2,...,| N |} denotes the coverage status of AN n; to the agent u
in time step ¢. §§fnj = 1 if in time step ¢, the agent w is within the AN n;’s coverage, and it
is 0 otherwise. iii) An | A" | dimensional vector UV,* = (UV4, UV}, ..., U Yivp) € RWVI
with the entry UV}, being a function of the achievable utility of an agent w if served
by AN n; in time step ¢. For a static user, U anj is the normalised data rate 6C,, yw,
achieved on a single BBU. ¢ is used to normalise the data rate C,; 4.«»; given by (3.10).
Since the RANs in the ITNTN have differently sized BBUs, the allocated data rate
depends on both the SINR from the AN and the bandwidth of the AN’s BBUs. As
such, the achievable data rate on a single BBU is a relevant feature that can guide an
agent to choose more rewarding actions. On the other hand, the value of UV}; ~for
a mobile user is given by the handoff reduction ratio (R,,/Rmes) in (5.6). With this
feature, an agent can learn which ANs result in a high utility value and which yield a
low one. iv) An | V| dimensional vector LF}* = (LE}, LFY,, ..., LF{\y) € RWI that
gives the loading factor of the different ANs as observed by the agent w in time step t.
The entry LF, in LF}* gives the number of available BBUs on the AN n; observed by

the agent u during the time step t. Thus, the state of the user u at time t is given as

si={u,, & UVY, LE!}.

A question that can arise is how an agent obtains the information in the observed
state. We assume that the ANs are indexed, with each AN having a copy of the index
vector [1,2,...,|N]], such that n; € [1,2,...,|N]|]. Once a user completes the channel

measurement of AN n;, it is within the AN’s coverage; hence, the entry corresponding
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ii)

iii)

to n; in the vector &' is set to 1; otherwise, it is set to 0. Also, utilising the unique
pilot signals that are constantly broadcast by ANs [131], the users can estimate the
channel gain of ANs within their coverage and determine the vector UV;*. Moreover,
using message passing between ANs through the backhaul communication links [146], the
loading status of ANs within the user’s coverage can be obtained. Message passing incurs
negligible communication overhead [146]. However, because any neural network-based
architecture is trained with a fixed state dimension, users must maintain information
about the achievable utility value and loading status of all ANs, even those out of their
coverage. Therefore, the entries in UV,* and LF}* vectors corresponding to the ANs that
are out of the user’s reach are filled with dummy values chosen to be the worst possible
values. In this way, the ANs that are reachable to the user will have higher Q-values

than those out of the user’s reach.

Actions: To increase convergence speed, we limit the action set A" of the agent u to
consist of only ANs within the agent’s coverage. Therefore, in each time step ¢, an agent

u performs an action a; that consists of choosing an AN n; € A" for the association.

Reward: The reward function is designed to maximise the objective of the problem (5.7).
Since the objective is to maximise static users’ data rate while minimising mobile users’
mobility-induced handoffs, the reward depends on whether the user/agent is static or

mobile.
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Reward function for a static user

Static users are associated with the appropriate ANs to maximise the network data rate.

Consequently, the reward function of a static user w in time ¢ is defined as

Uy __

Ty = $an (6 an,u,wj) - (puv (1 - xan)a
(5.16)

Vu, eU,, u, €U, ve{R,E},
where 0Cp; v, is the normalised data rate achieved by user u over one BBU w; of AN
nj. Ti, € {0,1} denotes the association validity status of the user u associated with
AN n; during time ¢. 27, =1, if the association of user u with the AN n; is valid and
0 otherwise. The association of user u with the AN n; is valid if the AN is capable of
serving the user and has enough resources to meet the QoS requirements of the user, as
mandated by C5 and C6 in P4 for an feMBB/LDHMC or euRLLC user respectively.
®., € [0, 1] is the penalty cost incurred when a static user u, belonging to service group
v € {€,R} is not served. The penalty ¢, 1s varied depending on the service class v of
the user. The reward function of a mission-critical user is subjected to a higher value

of ¢, 1in order to prevent denial of service for this use-case.
v

Reward function for a mobile user

A mobile user u belonging to the D service group aims to minimise mobility-induced

handoffs. Ultimately, using the handoff reduction ratio (R,,/Rma.) defined in function
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(5.6), the reward function of such a user is defined as

= xznj (an /Rmax) - SOuD (1 — x"tfnj), Y Uup € Z/{D’ (517)

where Py is a penalty for not serving a wu, user. Py is also used to prioritise the
association of mobile users to ANs with the largest cell radius in order to minimise
mobility-induced handoffs. Consequently, P is high if a mobile user is associated with
an AN with a small cell radius and yet resources are still available in the cell with large

radius.

At each time step ¢, a user u as an agent observes the state s} of the environment
and accordingly takes action a; € A" according to a policy 7, selecting an AN within

its coverage, which is capable of meeting its QoS requirements.

5.4.2.2 The MA3DQN process

The user association and resource allocation problem P4 in (5.7) is solved utilising the
DDQN strategy with duelling architecture and experience replay as depicted in Fig. 5.3.
Also, the approach used to solve this problem is based on centralised training and distributed
execution, as was done by [148, 123]. Therefore, the MA3DQN process consists of two phases.
The first is the offline training procedure, in which agents simultaneously take actions in a
distributed manner, store their experiences in the replay memory, and a central node executes
centralised training. In the second phase, each user performs the online distributed execution

using the trained model to determine the best association decision.
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Figure 5.3: The training process utilising the DDQN architecture.

As depicted by Fig. 5.3, each agent u has the same copy of the online DQN, which it uses
to select an action (AN to associate with). The online DQN is trained by a central node,
using experiences gathered from all agents. The centralised training approach is similar
to the parameter-sharing concept presented in [163]. Parameter sharing allows the agents
to share parameters of a single policy, which is trained with the experiences of different
agents simultaneously, thereby allowing the agents to learn together and thus achieve faster
convergence and stability. Moreover, it significantly reduces the computation and storage
resources required for the training phase, as only a single policy is trained. Besides, even if
the agents share the same parameters, this approach still allows different behaviour between

agents since each receives a different observation.
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The offline training phase

In the following description, we drop the time index since the procedure happens within a
single timestep. As illustrated by Fig. 5.3, an agent u observes the current state s* of the
environment (step 1). The agent then uses its copy of the online DQN and the e-greedy
decision policy in step 2 to determine the action a" to take, i.e., the AN n; to connect to
and executes the action in step 3. If the chosen AN can serve the user and still has sufficient
resources to meet the user’s QoS requirements, the user receives a positive reward. Otherwise,
it receives a negative reward as a penalty, as discussed in Section 5.4.2.1. All agents are
synchronized to take their actions simultaneously. In step 4, the agent observes the reward
r' Vv € {R, D, E} and the next state s* and stores the experience < s*, a*, r*, s* > in the
replay memory. Suppose the number of experiences stored in the replay memory exceeds the
mini-batch size |B|. In that case, the central node randomly samples a mini-batch B having
|B| experiences from the replay memory (step 5). For each sample < s,a,r,s > (index u is
dropped since a sample in the mini-batch is not specific to any user) in the mini-batch, the
next state s’ is input in the online DQN of the central node in step 6. The corresponding
action @’ with maximum Q-value is determined in step 7. Using the same sample as in step
6, the next state s’ is also input in the target DQN, also found at the central node (step 8),
and the Q-value corresponding to the action a’~ determined in step 7 is derived as per step
9. Steps 6-9 execute the DDQN strategy described in Section 5.4.1.3. The Q-value is then
fed to the optimiser in step 10 to yield the target y in (5.14). In step 11, the current state s
of the same experience < s, a, r,s > used in step 6 is fed into the online network outputting

the Q-value Q(s,a) as depicted by step 12. The Q-value is fed into the optimiser, which

164



calculates the loss function between the target y and estimation of experience < s,a,r, s >.

The optimiser then minimises the loss function over the mini-batch B using

Loss®(0) = > [y.....—Qs,a0) (5.18)

<s,a,r,s'>€B

where y_ . =r+vy Q(s',argmax,, Q(s',a’;0);0). Finally, the optimiser updates the

>
parameters 6 of the online DQN in step 13, consequently training the network. At the end
of each timestep, the new parameters # are propagated from the central node to all agents
to update their copy of the online DQN (step 14). The parameters  of the target DQN

are updated to # after a predefined number of steps 7. The pseudo-code for the MA3DQN

training process is given in Algorithm 4.

The online distributed execution

Once the training is complete, the trained model can be used by the users in the ITNTN.
After loading the trained online DQN parameters, each user must input its observed current
state and determine the optimal AN to associate with. € in the e-greedy decision policy is set
to 0, such that only greedy actions, i.e., those with maximum Q-value, are taken. Therefore,
if the network is well-trained, users can take actions that yield near-optimal solutions without
knowledge of other users’ information in the network. Consequently, association decisions
are made in real-time, and the computation cost of the online algorithm is less than that of
traditional optimisation algorithms.

Algorithm 5 depicts the description of the online distributed execution. In this algorithm,

a user uses the trained model to choose an action ¢* and decide the AN to associate with.
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Algorithm 4 MA3DQN-based service-aware user association and resource allocation
training algorithm

Input: Learning rate «, mini-batch size |B|, replay memory capacity D, discount factor -, the
target DQN update frequency 7, List of allowed actions to be taken by the users, Number of
episodes E'P, Number of steps ST, Number of users |U/|, achievable data rate user statistics
to the different ANs determined using (3.10)

Output: Online network weights

1: procedure MULTI-AGENT DRL TRAINING

2: Initialize the online duelling DQN (.,.;0) with random weights 6
3: Initialize the target duelling DQN (.,.;0) with weights 6 < 6

4: for episode =1 : EP do

5: Initialise the network state s = {s!,s? ..., 3‘“‘} as observed by the different agents

6: for step =1: ST do

7: Each agent observes its current state s* of the network

8: Each agent chooses an action a* and executes the action

9: Each agent receives its reward R“, and observes the next state s*

10: Each agent stores its experience < s*,a*, R*, s* > in the replay memory

11: If the experiences in the replay memory are more than the mini-batch size,
the central node randomly samples |B| experiences

12: The central node performs a gradient descent using (5.18) and updates the
weights 6

13: In every 7 steps, the central node replaces the target parameters i.e., § < 6

14: e-greedy decision policy is updated and s* < s* Yu € U

15: end for

16: end for

17: end procedure

The user then executes the action in line 5 by sending a request for service provisioning to
the chosen AN. The ANs receive requests from the different users and execute Algorithm 6
to allocate the minimum number of BBUs determined by constraints C5 or C6 of problem
P4, required by the users to meet their QoS requirements. As noted in Section 3.2.4, the
channel gain at the ANs can be obtained as user feedback or determined through training
data-based CSI estimation techniques for ANs at substantial altitudes. Algorithm 6 returns

a list Allocﬁj containing the user u and the number nb:” of BBUs allocated to the user. Each
J

166



user then receives its allocated BBUs and reward and observes the new state as depicted by

line 6 of Algorithm 5.

Algorithm 5 Distributed execution algorithm using MA3DQN for service-aware user

association and resource allocation
Input: User’s observed current state s*, online DQN network structure, Test steps T'S

Output: Action a* to take by the user u
: procedure ONLINE EXECUTION OF THE TRAINED MODEL AT A USER u
. Initialize: Load the online DQN trained weights 6
for teststep =1:TS do
The user/agent selects the action a" to take, based on its observed current state

= W o

5: The user executes action a“, thereby updating the environment. (At this point,
ANs receive service provisioning requests from users and execute Algorithm 6 to allocate
resources to the users)

6: The user receives its reward R", observes the next state s
allocated BBUs determined from Algorithm 6

end for
8: end procedure

/ .
“ and receives the

5.5 Computational complexity analysis of the MA3DQN

algorithm

The computational complexity of the training phase depicted by Algorithm 4 and the
execution/testing phase shown in Algorithm 5 are analysed in this sub-section using the
big-O notation. The big-O representation gives a measure of an algorithm’s worst-case
execution time or required memory in tandem with the problem size.

Denote the number of layers characterised by € in Fig. 5.2 by Y, and let y represent a
layer such that y € {1,2,...,Y}. Let N, represent the number of neurons in layer y. The

computational complexity of the layer y is then given by O(N, 1N, +N,N, ;). Still referring
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Algorithm 6 Resource allocation algorithm at AN n;

Input: Set U,,; of users requesting service provisioning from AN n;, AN available number of
BBUs Numij U achievable data rate user statistics to the AN n; determined using (3.10)
Output: Resource allocation set, Allocﬁj

1: procedure RESOURCE ALLOCATION

2: AN ny; sorts received requests in U, according to service group priority

3: Initialise: Allocﬁj,z@

4: for User request u € sorted U,,; do

5: Determine validity status Tin, of user u associating with AN n;
6: if zy, == 1then

7: Allocate nb:: BBUs to user u according to C5 or C6 of P4
8: Deduct nb " from ]\@7715J BU

9: Append [u,]nb::] to Allocy,

10: else

11: nb" =0

12: ApIJ)end [u,nb::] to Allocy,

13: end if

14: end for

15: Return Allocy,

16: end procedure

to Fig. 5.2, the computational complexity of the layer characterised by the J parameters
is given by O(Ny + [N]), where |[N| is the number of ANs in the ITNTN. On the other
hand, the computational complexity of the a-parameters layer is O(Ny|A| + |[N|?), which
is equivalent to O(JN|(Ny + |N1)). Therefore, the overall computational complexity of the
duelling DQN is O3, ey vy (Ny-1Ny + NyNy 1) + (Ny + [V]) + [N |(Ny + [N])), which
can be reduced to O3, cr15, vy (Ny-1Ny + NyNy 1) + [NV[(Ny + [V])). Important to note
is that for the term with the summation symbol, N,_; for y = 1 represents the number of
neurons in the input layer. In contrast, Ny, for y = Y is the number of neurons in the
next layer, which is either the layer characterised by § (in which case N, ; = 1) or the layer

characterised by a (in which case Ny = [N]).
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During the training phase, the online DQN extracts a mini-batch B of |B| experiences from
the replay memory for backpropagation training. Therefore, the complexity of the training
Algorithm 4 is O(|U| x ST x EP x |B| x Zy€{1,2,...,Y}(Ny—1N?J + NyNy 1) + IV[(Ny + |NV])),
where |U]| is the number of users, ST is the number of training steps of each episode and
EP is the number of episodes.

In the testing phase (Algorithm 5), each agent has a copy of the trained model, which it
uses to make an association decision. Thus, the computational complexity incurred by each
agent is much reduced, given as O(T'S x 3° 15 v (Ny-1Ny + NNy 1) + [NV[(Ny + |NV])),
where T'S is the number of testing steps, which is usually small and thus negligible. Since the
computational complexity in the execution phase is independent of the number of users in
the ITNTN and using the intelligence attained during training, an agent can infer association

decisions in real-time, as will be shown in Section 5.7.5.4.

5.6 Proposed benchmark solutions for problem P4

The performance of the MA3DQN solution is evaluated by comparing it to the GA, ILP,
greedy, and RUA algorithms. The greedy scheme and its computational complexity were
discussed in Chapter 3 while the GA, ILP, and RUA solutions were described in Chapter 4.
Moreover, two additional benchmark solutions are considered: i) a heuristic approximation-

based user association and resource allocation algorithm and ii) a MADQN solution.
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5.6.1 The approximation-based solution

The problem defined in (5.7) is similar to the GAP [164]. The authors in [39] proposed
a heuristic polynomial time approximation-based solution for GAP problems based on the
criteria:

min A, — Dun,
nj’;én]- " "

where (5.19)

n;’ = argmax Ay, .

g
Ay, in (5.19) is the desirability factor that measures the desirability of assigning user u to
AN n;. Therefore, each iteration in this solution consists of computing the difference between
the highest desirability factor A, ,,» and the second highest factor for each unassociated user
and then associating the user having the largest difference with the AN with the highest
factor. Moreover, the solution is such that if an unassociated user has only one AN within
its coverage, this user is prioritised. The algorithm for this solution can be found in [39],
Algorithm 2. Considering problem (5.7), the desirability factor of a static user u, where
v € {R, £} is the maximum data rate that can be achieved on a single BBU of a given AN,
determined by (3.10). In contrast, the desirability factor of a mobile user, u,, is the handoff
reduction ratio (R,;/Rpae) in (3.22). The computation complexity of this algorithm is also

described in [39] and given as O(|U|*> + [U||N|log |NV]).
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5.6.2 The multi-agent DQN (MADQN) algorithm

We validate the higher performance of the duelling double DQN architecture by comparing
the proposed MA3DQN to the MADQN solution. The working of the MADQN algorithm
is similar to the MA3DQN except that it does not use the duelling architecture and the
double DQN technique described in sections 5.4.1.4 and 5.4.1.3 respectively. Accordingly,
the computation complexity of the MADQN during the training phase is O(|U| x ST x EP x
1Bl % > eria. v (Ny—1Ny + NyNy11)), where |U] is the number of users, ST is the number
of training steps of each episode, and, E P is the number of episodes.

Similarly, the computation complexity incurred by each agent during the testing phase of
the MADQN is O(TSX 3° 1o vy (Ny-1Ny + NyNyi1)), where T'S is the number of testing
steps. Note that the only difference between the MADQN and MA3DQN complexities in
both the training and testing phases is the term |N|(Ny+|A|)) that accounts for the duelling

architecture complexity of the MA3DQN as described in Section 5.5.

5.7 Results and performance evaluation

This section provides the performance analysis of the proposed MA3DQN algorithm. First,
the simulation parameters are discussed, and later, the MA3DQN solution is validated
through comparison to the GA, the ILP solution to the problem (5.7) determined using the
Gurobi solver via LP relaxation and branch and bound, the simulated MADQN solution,
the approximation scheme [39], the greedy algorithm that associates static users based on

maximum SINR and mobile users based on cell radius, and the RUA algorithm.
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Table 5.2: Simulation parameters and values.

Parameter Value

Tans T Trys T [0.18, 0.18, 1, 2] Mz
Number of BBUs for [ng,nc, ny, ns| [10, 10, 20, 20]
[Plres piives pies pies) 8, 5, 20, 25] Watts
Service group user ratio [[Ur| : [Up| : [Ug]] | [0.3:0.1:0.6]

Noise spectral density —174 dBm

5.7.1 Simulation setting

Similar to Chapter 4, we consider an urban circular region of 3 km radius under the coverage
of a LEO satellite and a HAP AN. Within this region are several MBSs and 1 LAP, with the
radius of 1 km and 2 km, respectively. The users within the considered area are randomly and
uniformly distributed. Table 5.2 [19, 1, 111, 112] depicts the radio environment parameters
used in the simulation. Similar to [35], the data packet arrival rate A\, Vv € {R,&, D} is set
to 20 packets/s, the packet size for the enRLLC service group is set to 500 bits while that
for the feMBB and LDHMC to 9000 bits. The delay bound D,,,, in all simulations except
those in Section 5.7.5.3 is set to 1 ms while the delay bound violation probability threshold
€ is fixed at 0.001.

Since the convergence of deep learning algorithms depends on hyper-parameters such as
the learning rate, mini-batch size, and optimisation algorithm used [146], it is impossible to
know the optimal configuration of hyper-parameters for a specific problem in advance. As a
solution, trial-and-error procedure [146, 96, 165] is encouraged. To determine the appropriate
configuration of hyper-parameters and consequently train the network, we consider the
ITNTN to consist of 5 ANs, i.e., 2 MBSs, 1 LAP, 1 HAP, and 1 SatComs AN, serving

50 users.
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5.7.2 DQN hyper-parameter setting

The simulated duelling DQN structure consists of four parts, as depicted by Fig. 5.4. The
first part is the input layer with 1 4 3|A/| neurons corresponding to the environment state
as defined in Section 5.4.2.1. The second part consists of two hidden layers, each having
256 neurons. Next are the two duelling architecture sub-layers: the value sub-layer with one
neuron through which the state value function stream flows and the advantage comprising
|IN| neurons to output the advantage function stream as discussed in Section 5.4.1.4. The
output layer consists of || neurons corresponding to the number of different ANs in the
ITNTN. The activation function used is the ReLU function. At the same time, € in the
e-greedy decision policy decays linearly as €(t) = max{0.1,(MES —t)/MES}, where MES
is a predefined number of time steps beyond which € remains fixed at 0.1 (¢, in this case, starts
from zero, and incremented by one for each training step across all episodes). Furthermore,
the discount factor v = 0.95 while the replay memory follows the first-in-first-out service

rule and its capacity is set to 10°.

| Input Hidden | Output |

L layer layers . ! Value layer

| <! i
—» 1+3|N| —256—P 256 IN|| |
| WIN| |
iAdvantage
Single stream Neural Dueling Neural
Network Network |

Figure 5.4: The duelling DQN structure used in the proposed MA3DQN.

173



In Fig. 5.5, we plot the smoothed average reward accumulated over an episode for
different learning rates a. The mini-batch size |B| is set to 256 while the Adam optimisation
strategy is used. The figure shows that the accumulated average reward for a = 0.1 keeps
decreasing as the training progresses, clearly showing that the model can not learn with
this value of . However, as a decreases, the accumulated average reward keeps increasing
and eventually converges at about the 320th episode. The accumulated average reward for
a = 0.01 is relatively lower than that achieved by a = 0.001 and o = 0.0001, implying that
a = 0.01 leads to a sub-optimal solution. Since the performance of @ = 0.001 and o = 0.0001
is almost similar, we choose v = 0.001 because generally, a smaller learning rate leads to
slower training and the possibility of becoming permanently stuck with a high training error

is high [166].
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Figure 5.5: Effect of learning rate on convergence of the proposed MA3DQN.
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Next, the effect of the mini-batch size on the convergence of the proposed MA3DQN
algorithm is analysed. The learning rate is set to 0.001, and the Adam optimisation algorithm
is still used. According to Fig. 5.6, the considered mini-batch sizes have a negligible effect
on the algorithm’s convergence. All mini-batch sizes converge at approximately the same
episode, though 256 and 512 perform slightly better than 64 with regard to accumulated
average reward. The mini-batch size chosen for this work is 256 since a bigger value generally

results in a higher computational time.

—— Batch size=64
—— Batch size=256
—— Batch size=512

1400

1300 A

1200

1100

1000 A

900 A

1360 T T T T
800 A 300 320 340 360 380 400

Smoothed Accumulated Average Reward

0 50 100 150 200 250 300 350 400
Episodes

Figure 5.6: Effect of mini-batch size on convergence of the proposed MA3DQN.

Finally, the effect of different optimisation strategies on convergence is analysed in
Fig. 5.7, with the learning rate and mini-batch size set to 0.001 and 256, respectively.
All strategies converge, with the RMSProp optimiser showing the worst performance
characterised by higher instability at convergence. The Adam optimiser has a slightly higher
accumulated average reward, hence choosing it as the optimisation algorithm appropriate
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for the MA3DQN. While the number of hidden layers, discount factor v, and target DQN
update frequency 7 are also hyper-parameters that can affect the performance of the proposed
algorithm, their values are kept as earlier described since the convergence of the algorithm
has already been achieved as depicted by Figs. 5.5, 5.6 and 5.7. Therefore, the parameters

used in the MA3DQN are summarized in Table 5.3.

| —— Adam optimizer
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Figure 5.7: Effect of optimisation algorithm on convergence of the proposed MA3DQN.

Table 5.3: MA3DQN parameters.

Parameter Value
Discount factor v 0.95
Mini-batch size 256
Learning rate « 0.001
Optimiser Adam
Activation function ReLU
Replay memory capacity D 10°
The target DQN update frequency 7 | 4500
[minimum €, maximum ¢] 0.1, 1]
Number of episodes £ P 400
Number of steps ST 2500
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5.7.3 Performance metrics

The performance analysis of the proposed MA3DQN solution is based on a number of

performance metrics explained below:

e The user AR: In this work, the user AR is defined as the ratio of served users to the
total number of users in the network. This metric gives a measure of how effective the
proposed MA3DQN algorithm is at sharing resources among the different users in the

network.
e The total network data rate as defined by (3.19).

e The handoff probability: The handoff probability is defined as the ratio of the number
of users that experience a handoff from one AN to another to the total number of

mobile users in the ITNTN during a given transmission time interval.

e Algorithm runtime: This will give the time in seconds for each algorithm to return its

best solution.

5.7.4 Performance analysis during training

Fig. 5.8 depicts the performance of the MA3DQN algorithm during training. In Fig. 5.8(a),
it can be observed that the AR of the euRLLC users increases with training. At the beginning
of the training process, the euRLLC AR is relatively low at about 0.6 because some users
are dropped when associated with ANs that can not meet their QoS requirements, like the
satellite AN. However, as the training progresses, the NN learns to associate the mission-
critical users with the appropriate ANs, consequently increasing their AR. Also, from Fig.
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Figure 5.8: Performance evaluation of the MA3DQN during training.

5.8(b), the AR performance of the LDHMC users improves and becomes more stable with

training, as the NN learns to associate these users to available ANs having large cell radius,

thereby reducing the handoff probability as observed in Fig. 5.8(c).



On the other hand, as observed from Fig. 5.8(d), the AR of feMMB users is high at
the beginning of the training process, then decreases up to about the 200th episode, after
which it increases until convergence. The reason for such behaviour is that at the beginning
of the training, the feMMB users are utilising resources later allocated to the euRLLC
users, whose punishment for denial of service is much greater. As the NN learns to allocate
these resources to the euRLLC service group, the AR for the feMMB drops. However, with
increased training, the NN later learns the ANs with available resources to serve the feMMB
users; hence, their AR increases.

Fig. 5.8(e) shows the performance of user AR with training. As observed, by the end of
the training process, the NN admits almost all users in the network, with an AR of about
0.96. Important to remember is that the minimum value of € was set to 0.1, allowing some
possibility of exploration even at the end of the training. Hence, the AR can not reach one
because of the random behaviour that may ensue. Finally, Fig. 5.8(f) depicts the behaviour
of network data rate as training progresses. The NN learns to associate users with the
appropriate ANs having sufficient resources to meet the user QoS requirements leading to

an increase in total network data rate as training progresses.

5.7.5 Results and discussions

Once the training stage is completed, the performance of the trained model is validated
through comparison to the GA, the ILP, the approximation, the greedy, the RUA, and the

MADQN algorithms already discussed in Section 5.6.
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5.7.5.1 Impact of user density

In Fig. 5.9, the AR performance of the different algorithms is depicted. The AR for a lower
number of users, specifically below 50, is 1 for all algorithms since the available resources
can support all users in the network. However, as users increase beyond 50, the resources
become insufficient to meet their QoS requirements. Hence, some users are dropped, thereby
decreasing the AR. On average, the AR of the MA3DQN, GA, ILP, MADQN, approximation,
greedy, and RUA algorithms is 0.914, 0.917, 0.909, 0.897, 0.88, 0.879, and 0.888, respectively.
Therefore, the GA achieves better AR than the MA3DQN algorithm by 0.3% on average.
On the other hand, the MA3DQN algorithm outperforms the ILP, MADQN, approxi-
mation, greedy, and RUA algorithms by 0.5%, 2.2%, 3.6%, 3.8%, and 2.8%, on average,
respectively. The GA’s good AR performance is because the algorithm’s fitness function
increases with the number of users admitted in the network, hence achieving a high AR.
Similarly, the RL algorithms MA3DQN and MADQN utilise centralised learning that allows
users to learn together, hence an equally high AR for the MA3DQN algorithm. The duelling
architecture and double DQN framework enable the MA3DQN algorithm to make better
actions that result in serving more users than the MADQN algorithm, hence the better AR
performance. On the other hand, the ILP, greedy, RUA, and approximation algorithms are
all based on functions whose optimisation does not focus on having a higher number of served

users, hence the reduced performance when compared to the GA and MA3DQN algorithms.

Fig. 5.10 depicts the total network data rate achieved by the different algorithms. The

figure shows that the GA, ILP, MA3DQN, MADQN, and approximation algorithms attain a
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Figure 5.9: User acceptance ratio with varying number of users.

higher data rate than the greedy and RUA schemes for a low number of users. This behaviour
is because these algorithms are optimised to associate users with ANs that result in a high
data rate. On the other hand, the greedy algorithm associates users based on maximum
SINR, yet the RANs in the ITNTN have differently sized BBUs. Thus, a RAN with the
highest SINR may not necessarily have the highest data rate. Also, the RUA algorithm
randomly associates users to any available capable RAN without regard to the achieved
data rate. All algorithms achieve convergence at 50 users and above when the limit on the
number of users the network can support is reached, and thus any increase in demand does
not boost the total network data rate. The GA and ILP solutions perform better than the
MA3DQN algorithm by 0.48% and 0.42% on average, respectively. However, the MA3DQN
algorithm performs better than the MADQN, approximation, greedy, and RUA algorithms

by 0.3%, 0.4%, 7%, and 7.2% on average, respectively.
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Figure 5.10: Total network data rate with varying number of users.

In Figs. 5.11, 5.12, and 5.13, we analyse the AR of the different service groups. In all
algorithms, service provisioning of the mission-critical euRLLC service group is prioritised.
As observed in Fig. 5.11, all algorithms achieve an AR of 1 for this service group until about
70 users, when the AR decreases slightly. The decrease is because of increased euRLLC users
beyond what the available capable ANs can support. In Fig. 5.12, all algorithms achieve
an AR of 1 as the LDHMC users increase in the network. This is because the ANs with the
largest cell radius were prioritised in all algorithms to serve LDHMC users; hence, resources
are available to meet their demands. In contrast, a steep decline in AR at about 50 users
and above is observed for the feMMB users in Fig. 5.13. Since the feMBB users are not
prioritised, increased demand beyond what the network can support implies a surge in the

number of dropped feMBB users due to limited resources to meet their needs.
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Fig. 5.14 portrays the mobility-induced handoff performance of all algorithms.

Number of users

The

GA, ILP, greedy, MA3DQN, and MADQN algorithms maintain a handoff probability of 0
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Figure 5.13: feMBB acceptance ratio with varying number of users.

for all numbers of users in the ITNTN. In the GA and RL algorithms, the cost or reward
function ensures that the mobile users are associated with an available capable AN with
the largest cell radius; hence, no handoff of users from one AN to another occurs during
all transmission intervals. The greedy heuristic algorithm is also formulated to ensure the
mobile users attach to the cell with the largest cell radius. Similarly, for the ILP solution,
the Gurobi solver optimises the objective function by ensuring that the handoff reduction
function in P1 is maximised.

Conversely, the RUA algorithm associates mobile users randomly with any available
NTN, achieving the highest handoff probability. As the number of users increases, the
handoff probability performance of the RUA improves since resources of ANs with small
radii get used up, forcing the mobile users to associate with the large cell radius ANs. On

the other hand, the poor performance of the approximation algorithm is attributed to the
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Figure 5.14: Probability of handoff with varying number of users.

fact that users with only one available AN are served first. When the number of users is
small, particularly below 50, the algorithm performs well since the cell with the largest radius
has enough resources for both the mobile users it is prioritised to serve and other users from
the feMBB group that have access to only this AN. As the number of users increases, these
users use up resources prioritised for the mobile service group, consequently increasing the

number of handoffs.

5.7.5.2 Impact of access nodes density

In this subsection, we analyse the different algorithms’ performance with varying access
node densities in the network. The user distribution radius is increased to 4 km to allow

deployment of more MBSs. This region is still within the coverage of 1 satellite and 1 HAP.
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We also deploy 1 LAP and vary the MBSs from 2 to 10 while maintaining the number of
users at 80.

Fig. 5.15 depicts that the GA achieves the best AR, with an average of 0.88, followed
by the MA3DQN algorithm, which has an average AR performance of 0.833. The ILP,
MADQN, approximation, greedy, and RUA algorithms attain an average AR of 0.831, 0.8,
0.75, 0.77, and 0.816, respectively. Unlike the AR performance depicted in Fig. 5.9, in
which the MA3DQN solution was within the GA’s performance by 0.3%, the MA3DQN
algorithm’s AR now falls by 5.67% on average, below that attained by the GA. The decline
in performance is attributed to the expanding state space and action space as the number
of ANs in the network increases, thereby reducing accuracy for the same hyper-parameters.
Nonetheless, the difference in performance is slight, given the benefits of MA3DQN solution
in terms of time taken to yield a solution, as will be discussed in Section 5.7.5.4. Besides, this
performance can be improved during the training phase by changing the hyper-parameters;
for example, the decaying rate of € can be reduced to allow for more exploration during
the training. Regardless of the reduction in AR performance, the MA3DQN algorithm still
outperforms the ILP, MADQN, approximation, greedy, and RUA schemes by 0.08%, 3.4%,
10.4%, 7.2%, and 1.9%, respectively.

Fig. 5.16 compares the achieved data rate as the number of access nodes varies. The GA
and ILP schemes attain higher average total network data rates than the proposed MA3DQN
algorithm by 0.9% and 0.48%, respectively. On the other hand, the MA3DQN algorithm
performs better than the MADQN, approximation, greedy, and RUA algorithms on average

by 0.3%, 0.3%, 0.6%, and 0.4%, respectively. Fig. 5.17 shows the handoff performance of all
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Figure 5.15: User acceptance ratio with varying number of access nodes.
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Figure 5.16: Total network data rate with varying number of access nodes.

the algorithms as the number of access nodes in the network increases. The GA, ILP, greedy,

MA3DQN, and MADQN algorithms maintain a handoff probability of 0, outperforming the
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Figure 5.17: Probability of handoff with varying number of access nodes.

approximation, and RUA algorithms by 47%, and 50%. This illustrates the strength of
the GA, ILP, greedy and RL algorithms in associating mobile users with an AN having
the largest cell radius, thereby maintaining handoff probability at 0. On the contrary, the
RUA framework still maintain poor data rate and handoff probability performance as it is
not optimised to associate users with ANs that yield the highest data rate or the lowest
handoff probability. On the other hand, the approximation technique lacks the intelligence
to balance between serving users having one AN within their coverage and the mobile users,
hence achieving high handoff probability. Moreover, the difference mechanism explained in
Section 5.6.1 is subjected to two different functions, the maximum achieved data rate on
a BBU and the handoff reduction value, that may present varying differences between the
best and second best value, thereby not favouring some users, hence the poor performance

observed for this algorithm.
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5.7.5.3 Impact of the delay bound

This subsection analyses the impact of the delay bound on the user AR and achieved total
network data rate. The number of users in the network is maintained at 40, while 5 ANs
are used, that is, 1 satellite, 1 HAP, 1 LAP, and 2 MBSs. The area of user distribution used
is a circular radius of 3 km. We start by first showing in Fig. 5.18 the effect of the delay
bound on the minimum data rate C;’Z” that a served euRLLC user must receive to guarantee
delay QoS requirements. The figure shows that for low values of delay bound, the expected
minimum data rate is high, but an increase in delay bound results in a reduced required
minimum data rate, which is in agreement with (5.5). This result implies that an euRLLC

user requires a higher data rate to meet a more stringent delay-bound requirement.
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Figure 5.18: Effect of the delay bound on the minimum required data rate.
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Tables 5.4, 5.5, and 5.6 give the performance of the different algorithms for delay bound
Duax of 1 ms, 0.1 ms, and 0.01 ms respectively. It can be observed that for a higher delay
bound, that is, Dy.x = 1 ms or 0.1 ms, the resource blocks are enough to support the
minimum QoS requirements of all users. Therefore, the user AR is 1 for all algorithms.
However, as the delay bound is reduced further to 0.01 ms, a served user in the euRLLC
service group uses up more BBUs to meet the stringent delay bound, consequently increasing
the total network data rate, as observed for all algorithms. Therefore, an euRLLC user
requires more BBUs, consequently reducing the total resources available for all users in the
network, thereby leading to a decline in AR for the euRLLC and feMBB service groups. The
AR for the LDHMC remains one since, in this work, the NTN with the largest cell radius
is prioritised to serve this service group to minimise the probability of mobility-induced

handoff.

Table 5.4: Performance when D, = 1 ms.

Method user | euRLLC | LDHMC | feMBB | Network
AR | AR AR AR Data rate
GA 1 1 1 1 7.658 x 108
ILP 1 1 1 1 7.673 x 108
MA3DQN 1 1 1 1 7.653 x 108
MADQN 1 1 1 1 7.652 x 10°
Approximation 1 1 1 1 7.659 x 10°
Greedy 1 1 1 1 6.61 x 108
RUA 1 1 1 1 6.442 x 108

5.7.5.4 Execution time analysis

This section analyses the runtime of the different algorithms required to return the best

solution as presented in sections 5.7.5.1 and 5.7.5.2. Since the ILP solution presents an
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Table 5.5: Performance when D, = 0.1 ms.

Method user | enuRLLC | LDHMC | feMBB | Network
AR | AR AR AR Data rate
GA 1 1 1 1 7.66 x 108
ILP 1 1 1 1 7.673 x 108
MA3DQN 1 1 1 1 7.653 x 108
MADQN 1 1 1 1 7.652 x 108
Approximation 1 1 1 1 7.657 x 10%
Greedy 1 1 1 1 6.632 x 108
RUA 1 1 1 1 6.489 x 108
Table 5.6: Performance when D, = 0.01 ms.
Method user euRLLC | LDHMC | feMBB | Network
AR AR AR AR Data rate
GA 0.967 | 0.92 1 0.985 8.307 x 108
ILP 0.96 0.92 1 0.973 8.286 x 10%
MA3DQN 0.955 | 0.917 1 0.964 8.198 x 10°
MADQN 0.953 | 0.917 1 0.962 8.193 x 10°
Approximation 0.952 | 0.917 1 0.961 8.189 x 10°
Greedy 0.907 | 0.917 1 0.888 8.156 x 10°
RUA 0.924 | 0.916 1 0.915 8.174 x 108

exponential worst-case time complexity as analysed in Section 4.4, its running time will not
be analysed. Important to note is that the runtime analysed in this work is not inclusive of
the time required by the controllers (in the GA, approximation, greedy, and RUA algorithms)
or the users (in the MA3DQN and MADQN schemes) to obtain information such as ANs
loading capacity or the SINR between users and the ANs. Therefore, it is assumed that such
information is already known, and the task is then for each algorithm to determine its best
solution.

Fig. 5.19 depicts the runtime of the different algorithms as the number of users in the
The number of ANs is maintained at 6 for this simulation. The RL

network increases.

algorithms present the shortest running time of 0.00053 and 0.00054 seconds on average for
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the MA3BDQN and MADQN algorithms, respectively. On the other hand, the GA has the
highest runtime of 1.7 seconds on average, and the runtime increases with the number of users
in the network. The greedy, RUA, and approximation solutions require an average runtime
of 0.0017, 0.0016, and 0.05 seconds, respectively. The runtime performance of the MA3DQN
and MADQN algorithms outperform the GA, greedy, RUA, and approximation algorithms
by 99.9%, 68%, 66%, and 98.9%, respectively, and is independent of the number of users
in the network. Such a performance is achieved from the intelligence obtained during the
learning process and the fact that each user has a copy of the trained model, enabling it to
make association decisions on the fly. Also, it further shows that GA’s excellent performance
in the previous sections is obtained at the expense of an increased number of generations G
and chromosomes M as discussed in Section 4.3.2.4, thereby increasing its running time and
hence time complexity significantly. Such a high time complexity is not suitable for service
provisioning of delay-intolerant mission-critical users expected in B5G networks.

In Fig. 5.20, the number of users in the network is fixed at 100. According to this figure,
as the number of ANs in the network increases, the MA3DQN and MADQN algorithms still
have the lowest runtime, independent of the number of ANs in the network. The greedy
and RUA algorithms also have a low runtime that increases slightly with the number of
ANs. The approximation algorithm presents a running time that is 99.6% worse than the
RL algorithms, while the GA has the worst running time, which is within 99.99% that of

the RL algorithms.
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These results depict the strength of the proposed MA3DQN algorithm over the other
algorithms. The results demonstrate that the MA3DQN algorithm can achieve a near-

optimal data rate performance, that is within 0.48%, and 0.9% of the best solutions obtained
193



by the GA in Sections 5.7.5.1 and 5.7.5.2 respectively. This result is obtained in real-time,
unlike the GA solution, characterised by a high time complexity that is 99.99% worse than
the MA3DQN solution. Moreover, unlike the approximation and RUA algorithms that
portrayed a high handoff probability, the MA3DQN algorithm maintained a zero probability
of handoff. Therefore, the proposed MA3DQN algorithm is highly suitable for future
scenarios characterised by mission-critical applications for which a high runtime implies
increased delays and ultimately reduced user QoS. In addition, the algorithm is suitable
for highly mobile applications for which increased handoff probability implies increased
communication overhead, delays, probability of dropped calls, and consequently, reduced
user QoS for these applications. While the MADQN algorithm equally performed well in
terms of runtime and handoff probability, the MA3DQN algorithm presented a margin of
3.4% and 0.3% in user AR and total network data rate, respectively, as the number of ANs
increased in the network. Also, as the number of users in the network increased, a difference
in the performance of 2.2% and 0.3% in terms of AR and achieved total network data rate

was observed in favour of MA3DQN solution.

5.7.5.5 Cumulative Distribution Function (CDF) of the total network data rate

Similar to Chapter 4, this section utilises the CDF to provide an insight on the performance
bounds of the proposed MA3DQN algorithm. 1000 simulations are carried out to analyse
data rate performance for 80 users in a network consisting of 2 MBSs, 1 LAP, 1 HAP, and 1
satellite AN. Fig. 5.21 shows a steep rise in CDF from 0 to 1, implying a small range within

which all simulation data rate results fall. Considering the graph for 5 ANs, about 1% of
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Figure 5.21: The CDF of the total network data rate using the MA3SDQN.

simulations return a data rate that is less than 8.1 x 108 b/s while about 99.6% return data
rates less than 8.3 x 108 b/s. In Chapter 4, Section 4.6.3.5, an upper bound for the GA was
found to be about 8.35 x 10® b/s, giving a gain of about 3% and 0.6% from the lower bound

and upper bound of the MA3DQN algorithm, respectively.

5.8 Chapter summary

This chapter presented a decentralised real-time RL solution to the user association and
resource allocation problem P1 described in Chapter 3. Moreover, P1 was reformulated
to account for the delay QoS requirement. The RL solution was based on the centralised
training and distributively executed MA3DQN algorithm. The solution defined each user’s

state, action, and reward function that enabled the association of users to the appropriate
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access nodes to maximise the total network data rate and minimise the handoff probability.
Simulation results revealed that as the number of ANs increased, the MA3DQN algorithm
achieved a total network data rate that was within 0.9% and 0.48% of the GA and ILP
solutions, respectively, and outperformed the MADQN, approximation, greedy, and RUA
algorithms on average by 0.3%, 0.3%, 0.6%, and 0.4%, respectively. Also, the total network
data rate achieved by the MA3DQN algorithm was within 0.48% and 0.42% of the GA
and ILP schemes, respectively, as the number of users in the network increased. Notably,
the MA3DQN algorithm presented a 99.9% gain over the polynomial-time GA in terms of
execution time. Moreover, it outperformed the approximation and RUA algorithms regarding
handoff probability. Also, it outperformed the MADQN, approximation, greedy, and RUA

algorithms in terms of acceptance ratio and total network data rate.
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Chapter 6

Energy-Efficient User Association and

Resource Allocation in the ITNTN

The preceding chapters have focused on maximising the achieved data rate and, hence, the
spectrum efficiency of the ITNTN. However, the coexistence of the TN with the NTNs
to provide radio access to multi-mode user equipment implies an increase in the number
of wireless access nodes. It thus raises a justifiable concern over the drastic increase in
energy consumption and carbon emission expected to ensue. Moreover, an increase in
energy consumption may lead to high operational expenditure (OPEX) and thus threaten
the profitability of ITNTNs. Therefore, this chapter addresses the energy efficiency (EE)

problem in the ITNTN.
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6.1 Introduction

The coexistence of the TN with the NTNs to provide radio access implies an increase in the
number of ubiquitous wireless nodes, consequently escalating the total energy consumption
and associated OPEX and carbon emissions [31]. Therefore, the role of EE in the ITNTN
is significant and urgent. Since EE is the ratio of the total network data rate to total power
consumption, it is a critical performance metric that provides an optimal trade-off between
the network sum rate and the total power consumption. Several techniques have been used
in literature to achieve EE in wireless networks, such as adaptive BS sleep control [167],
beamforming [168], and energy-efficient UARA [169]. Similar to [169], this chapter focuses
on improving the EE in the ITNTN through energy-efficient resource allocation.

As the RANs in the ITNTN have different capabilities and limitations in meeting the
heterogeneous user demands envisaged in B5G, achieving an energy-efficient UARA strategy
is challenging. Satellite communication is characterised by long delays and, as such, is not
appropriate for radio access by mission-critical users. Similarly, the TN BSs have a smaller
cell radius than the NTN ANs. Therefore, the TN is not a suitable RAN for high-speed and
long-distance users. Its usage would increase the number of handoffs, consequently increasing
the handoff signalling overhead, delays, and the probability of call drops due to handoff
failures. The question that arises then is how to optimally map users with diverse needs
to RANs faced with different challenges in meeting these requirements and simultaneously
maximise the network’s energy efficiency.

In the literature, some works have addressed energy-efficient UARA in the ITNTN. In

[169], the authors integrate the LEO satellite with terrestrial D2D mode and formulate an
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optimisation problem that maximises capacity and admitted users while allocating optimum
power to the associated users. The authors in [170] investigate energy-efficient power
allocation for cognitive satellite-terrestrial networks subjected to delay QoS constraints.
In [171], the authors maximise the system EE of a space-air-sea network, simultaneously
optimising user association, power control, and UAV deployment. In [20], the authors
maximise the EE of an integrated terrestrial-satellite RAN in which both RANs provide
content distribution and retrieval services. The authors in [172] propose an algorithm that
maximises the EE of a hybrid satellite-aerial-terrestrial cooperative network subjected to
power, QoS requirements, and backhaul capacity constraints.

The idea of B5G is to have the TN, space (satellite), and aerial (HAPs and LAPs)
concurrently provide radio access to users. However, all the proposals in [169, 170, 171,
20] do not consider energy-efficient UARA in a network consisting of all the four RANs.
Moreover, the different RAN characteristics are not optimised to meet the QoS requirements
of divergent service groups efficiently. To this end, this chapter proposes an energy-efficient
UARA framework for the ITNTN consisting of all four RANs. Similar to the preceding
chapters, three service groups [3]: the feMBB, the euRLLC, and the LDHMC are considered.

A weighted sum SOOP is formulated to jointly maximise the global EE and minimise
the number of mobility-induced handoffs experienced by the LDHMC use case. Handoffs
are reduced by prioritising using NTNs characterised by large cell radii for LDHMC users.
Moreover, as the euRLLC use case consists of mission-critical users for which denial of service
is undesirable, the chapter still prioritises service provisioning of this use case and further

limits its access to the satellite. The formulated SOOP problem is a non-convex and mixed
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integer non-linear programming (MINLP) with no direct feasible solution. The problem’s
complexity is reduced by decomposing it into two sub-problems: i) the UARA problem and
ii) the power allocation (PA) problem.

In the UARA phase, the BBU power is fixed, transforming the problem into a SOOP
that maximises the network data rate and minimises the handoff probability. The solution
to this problem was discussed in Section 3.4 and involved decomposing it into the user
association sub-problem P1 and the resource distribution sub-problem P2. Solutions to P1
and P2 have been discussed in the preceding Chapters 3 - 5. The PA problem is a non-linear
fractional programming problem and is transformed into a weighted sum SOOP for better
tractability and solved using the particle swarm optimisation (PSO) algorithm. PSO is a
population-based search method characterised by high efficiency, simple implementation, and
fast convergence [173]. Moreover, it can operate in a continuous number space directly, and
as such, it is suitable for determining the optimal power values that satisfy the PA problem.
The proposed particle swarm optimisation power allocation (PSOPA) algorithm is compared
to the equal power allocation (EPA) scheme to validate its performance. The notations used

in this chapter are in Table 6.1.

6.2 Problem formulation

The system model used in formulating the energy-efficient problem is similar to that
presented in Section 3.2. In contrast, the delay QoS model adopted is as discussed in Section
5.2.1. The service-aware energy-efficient UARA problem is then formulated as a SOOP that

maximises the EE while concurrently minimising the handoff probability. Mathematically,
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Table 6.1: Notations defined in Chapter 6.

Symbol Description

b,l,h,s MBS, LAP, HAP, satellite AN

B,L,H,S Set of ANs in the MBS, LAP, HAP, satellite RAN

Jyn;, U A RAN, AN in the j-th RAN, the set of users in the ITNTN

v, E,R,D A service group, feMBB, euRLLC, LDHMC service group

u., u, U, Set of users demanding &£, R, D

U, Uy, Uy, Uy, Uy, User, an feMBB, euRLLC, LDHMC user, user belonging to
service group v

Wi, wj, Ry, A set of BBUs owned by RAN j, a BBU owned by RAN j, n;
cell radius

T, Py, N Bandwidth of the BBU w;, AN n; bandwidth, set of all ANs
in the ITNTN

Crjuw;s Pu, Data rate of a user u using BBU w; of AN n;, user priority
factor

P @i s » T User association variable, resource allocation variable,

coverage index

6175270417042

Normalisation factors

A s Luu,CiT;” Average packet arrival rate, packet size, delay bound,
minimum delay bound rate
nb ", Pres Minimum number of BBUs allocated to user u belonging to
’ service group v by AN n;, maximum available power at n;
A C Objective function trade-off factors
R The largest possible cell radius in the ITNTN
Pnj,u,wj , Pcctnj Transmit power of a user u using BBU w; of AN n;, constant

circuit power that n; consumes to process a call

served served
U U

Set of served users for the £, D service groups

userved

Set of served users for R service group

]LZ? Number of users associated with the AN n; by the solution to
problem P5.

V.Y y Z Population set, population size, a particle/member of ),
number of iterations

Ty, Uy Particle position vector, particle velocity vector

Dy, G Particle y’s personal best position, the global best position of
the group

Np Number of MBSs

the global EE ngg (in bits/Joule) of the ITNTN is the ratio of the entire network’s sum rate
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(in bits/s) to total power consumption (in Watts) [170], and is given as

E E § puv lu’nj,u wn]-,u,wj anvuij

njEN ueld wj EW]'

Z (Z Z pu-u :unj,u wnj,u,wj Pnj,u,wj +Pcctnj>

anN ueU 'ijWj

NEE = , (6.1)

where i, € {0,1}, w, .. € {0,1}, and p, € [0,1] in (6.1) maintain their definitions

wwj
given in Sections 3.2.5 and 3.2.6, as the user association variable, the resource allocation
variable, and the priority factor respectively. Cy; y ., is the maximum data rate that can be
achieved by user u on the BBU w; of AN n;, whose closed-form expression is given by (3.10).
Pnj,u,nj denotes the transmit power from an AN n; to a user v using BBU w; while Pcctnj is

a constant circuit power that an AN belonging to the j-th RAN consumes to process a call.

On the other hand, the handoff reduction function was defined in Section 3.2.7 as

R,.
I DI S 62)

anN ueU wj EWj

Note that the bigger the user’s handoff value R, /Rinaz, the lower the number of handoffs
since this user will be associated with an AN having a large cell radius. Therefore,
the mobility-induced handoff probability is minimised by maximising the network handoff

function A. The total system utility is the weighted summation of the entire network EE
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and the handoff reduction function and is given by

E E E puv /’Lnj,u wnj,u,w]- anzuij

n;j eN ueld wij EWj

Z (Z Z puu /’Lnj,u wnj,u,wj Pnj,unuj + Pcctnj>

n;eN “ueld w;eW;

:)\51 +

(6.3)

R,

(1=2) Z Z Z P Honj P Rm:x'

n; EN ueld w; EW;

Given that an AN that maximises the EE does not necessarily maximise the handoff value,
the weighting factor A provides a trade-off between the two functions. In this chapter, the
value of A depends on the use case, such that A = 1 for the static users demanding use cases
& and R, while it is zero for the mobile users requesting use-case D. Hence, the priority of
the static users is to maximise the EE, while the mobile users aim to reduce the number of
mobility-induced handoffs. §; and J, are normalisation factors that enable the addition of
the two functions having different units.

The energy-efficient UARA problem is then formulated as the maximisation of the
weighted sum of the two functions ngrp and A in (6.3), subjected to minimum user QoS
requirements and limited AN power and bandwidth resource budgets. Consequently, the

optimisation problem is formulated as follows:

max r (6.4)
lu'n'u7wn~uw'7Pn',u,w-
7’ 777 J J
s.t.
Clip, ,<m, .. Vn;€ N, Yuel (6.4a)
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C2: Z T Py Wy, S 1, Vur €Uy (6.4b)
n;je{B U L U H}

C3: Z T Mo Wosww; = 0, Vur €Uy (6.4c)
n]-E{S}
CAt Y T b W, <1, Vug €U, Yup el (6.4d)
njEN
C5 Z Z 7rnj u /‘Lnj u wnj u,w; an,uywj = )\Uv LUU?
nJGijEWj
served served
Voell, D}, ug €U, up €U (6.4e)
C6: Z Z T Hoyw W) Crjuw; = C;”;”’ Y ur € L{;erwd’ (6.4f)
nJGijEWJ
C7 Z Z ﬂ-n] u /‘Ln],u wnj,uwj%J S én]7 v n] € N (6 4g)
uel w; EW;
C8: Pnj,u,wj = 0, W wj € Wj (6411)
CQ:Z Z T Fons o Wy Py < P]Z_”"es, Vn, e N (6.41)
u€l w; EW;
C10: anw s Wiy S 1, Vg €N, Vg €W (6.4))
ueU

C11: Honjou = {07 1}7 W uw; = {O) 1}7 V] S {BaHMC)S}a v 1 S Na v Wi € Wj7 Vuel

(6.4K)

7, € {0,1} is a binary factor that is 1 when the user w is within the cell radius of AN n;,
and is 0 otherwise. Therefore, constraint C1 limits the association of users only to ANs in
whose coverage the users lie. In constraints C2 and C3, a user belonging to U, may connect
to only one AN n; € {B U £ U H} at a time. C4 ensures that users belonging to U, or
U, can connect to only one of the available ANs. Similar to Chapter 5, the traffic arriving

at the transmission queue of an AN is modeled as a Poisson process with an average arrival
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rate of \,, packets/s, each packet having a size L, bits V v € {£,D,R}. Thus, a user
Ue € M;’””ed or up € L{;‘m’e‘i is guaranteed its minimum QoS requirements in constraint C5.
U 56”’6‘1 and U ;6”’@‘1 represent sets of served users for the respective service groups. Similarly,
a mission-critical user is guaranteed its minimum delay bound rate in C6, where C;”;” is
given by (5.5). C7 considers the capacity limitations of each AN. In C8, the transmit power
on the BBU w; of AN n; can not be negative, while C9 ensures that the total consumed
power at the AN can not exceed its maximum available power Pfli”“es. A BBU can be used
by at most one user as depicted by C10, while C11 ensures that the decision variables [T

and Wi, ATE binary.

6.3 Proposed solution

The optimisation problem in (6.4) is a non-convex and MINLP problem with no direct
feasible solution. Similar to [143] and in a bid to reduce complexity, the problem is subdivided
into two sub-problems. The first sub-problem P5 deals with UARA by fixing the BBU
transmit power such that P, .., = P,Z?TES /IW;|, where |W;| is the total number of BBUs

available at the AN n; belonging to the RAN j. P5 is formulated as:

P5

max <)\ 51 E E E Iouvunj,u wnj,u,chnj:uvw]'
J

[T A )
ngur g anN ueld ”LUjGWj

R,
FeNE DY S s e 1) (6.5)

nj eN ueld w; EW;

st. (6.4a), (6.4b), (6.4c), (6.4d), (6.4¢), (6.4f), (6.4g), (6.47), (6.4k).
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The problem P5 is similar to the SOOP defined in (3.24), which was a weighted sum of
the total network data rate given in (3.19) and the network handoff minimisation function
defined by (3.22). Hence, P5 can be solved by decomposing it into two problems: P1
and P2 defined in (3.29) and (3.31), respectively. P1 associated users to the appropriate
ANs and allocated the minimum number of BBUs required to meet the user QoS. The GA
described in Chapter 4 or the RL technique discussed in Chapter 5 can be used to solve this
problem. On the other hand, for any AN that had users associated with it, P2 allocated the
excess unallocated BBUs after the association phase. P2 was solved using the water-filling
approach, as described in Section 3.4.2.

Having solved the UARA variables, the second sub-problem P6 of the problem (6.4)
allocates power to the allocated BBUs to maximise the global energy efficiency of the ITNTN.

Thus, P6 is formulated as follows:

P6 :

Z Z ”b:j Coj sy (P )

n; eN ueld

(6.6)

max ,
P uw; u
VAR
: : <: : nbnj Pnjzuvw]' + PCCtnj>

n; eN Nueld

s.t.

CL: ) b, Coy sy (Pajauso;) = Auy L
njEN

Vue{E,D), ug €U up € U (6.62)

C2: ) b, Coysy (Pajauis;) = Cot, ¥ up € U™, (6.6b)
njEN
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C3: Pojuw;, 20, Yw; €W (6.6¢)

Cd: ) nb, Pujuw; < PR, Wy €N, (6.6d)

ueU

where nb:j €{0,1,2,...,|W;|} is the number of BBUs of AN n; that have been allocated to
user v in the UARA phase. Note that the data rate Cy,; ., achieved by a user over a BBU
depends on the allocated power P, ., in P6.

While the original problem in (6.4) prioritised the EE maximisation for the U, and U,
users, and handoff minimisation for the U/, users, it is important to note that subdividing the
problem into P5 and P6 enables maximisation of EE for the U/, users as well. P5 ensures
that these users are served by the large coverage ANs, and P6 then allocates power to the
users’ BBUs to maximise the global EE. P6 is a non-linear fractional programming problem
that maximises the total network data while minimising power consumption concurrently,
and as such, can be represented as a MOOP [143]. Let Uy? define the set of users associated

by P5 to the AN n;. For each AN n;, two functions are defined such that:

fl(Pnj,u,wj) = - Z nb:] an,u,wj (Pnj,u,wj)a

"
u€Uy?

(6.7)
f2(Pnj,u,wj) - Z nb: Pn]-,u,wj + Pcctn].-

ueu:g'

f1 is negative since this function will be minimised as elaborated in (6.8). Owing to its

simplicity and low computational complexity, the weighted sum SOOP is used to reformulate
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P6 for each AN as

PT:

min (a1 ¢ (P, uw;) + a2 (1 =C) f2(Py; uw,)); (6.8)

ng,U,Wy
s.t.

C]‘: nbu. anuwj<Pnj uwj> 2 )\uv Luv7
n; & [aat]

Vue{E,D}, us €U, up U (6.8)
C2: nb, oy (Prjuw,) 2 Co, ¥ u € UK, (6.8b)
C3: Py uw; =20, Yw; €W, (6.8¢)
C4:) nb, Pojuw; < P, Vg €N (6.8d)

ueU

In the first function (f1(P,;uw,)), the negative of the total accumulated data rate at the
AN is minimised, translating into maximising the achieved data rate. The second function
(f2(Pn, uw;)) minimises the power consumption at the AN. Maximising the total achieved
data rate while simultaneously minimising the power consumption at the AN are two
contradictory requirements since minimising power consumption degrades the total data
rate. Therefore, the weight ¢ € [0, 1] defines the importance of the two objective functions,
and the operator sets this weight. A complete Pareto optimal solution set for the MOOP of
the two functions in (6.7) can be obtained by changing the weight ¢ in (6.8) over the range

[0,1] [174]. a7 and s represent normalisation factors that enable the addition of the two
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functions f1(Pp, uw,) and f2(P,; uw,) having different units. The SOOP P7 (6.8) is solved

using the PSO algorithm.

6.4 The PSO power allocation (PSOPA) solution

In this section, the PSO framework is first described, then the PSO algorithm used to solve

problem P7 is given.

6.4.1 A review of the PSO

The PSO is a population-based, self-adaptive, stochastic search optimisation algorithm
introduced in 1995 to solve non-linear problems [175]. It belongs to a class of algorithms
called metaheuristics. It is based on the paradigm of swarm intelligence, in which particles
move around the search space, influenced by improvements discovered by other particles.
PSO can operate in a continuous real number space directly, so it is suitable for determining
the optimal power values for the problem P7. Moreover, it is characterised by high efficiency,
simple implementation, and fast convergence [173].

The PSO algorithm generally begins by creating an initial population set ) consisting of
Y particles. Each particle y € Y is a potential solution to the optimisation problem and is
defined by its coordinates in the search space. Moreover, each particle must be characterised
by a movement that enables it to find the optimal solution. Consequently, at the beginning
of the PSO algorithm, each particle y € )Y is initialized with random position and velocity

vectors. Consider an m-dimensional search space: the position, and velocity of the particle
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Table 6.2: PSO parameter definitions.

Parameter Description

m Total number of variables

Y Number of particles

k Iteration count

v’y“jl Velocity of the u-th variable of the y-th particle in the (k+ 1)-th
iteration.

x’;u Position of the u-th variable of the y-th particle in the k-th iteration.

w Inertia weight

C1, Cs Cognitive and social acceleration coefficients

p’;u Personal best position of the u-th variable of the y-th particle in the
k-th iteration.

gr Global best position of the u-th variable in the k-th iteration

r1, To Random variables uniformly generated in the range [0,1]

y € Y are represented by vectors ¥, = (Ty1,Ty2,...,Tym) and Uy, = (Vy1, V2, -, Vym),

respectively. Let p, and g represent particle y’s personal best position and the global best
position of the group, respectively. The particle’s velocity can be modified as

v];:l =w v’;u—i—C'lTl(ply“u—x];u)—kC'gTQ(gS—x';u) Vue {1,2,....m}Vy € {1,2,...,Y}, (6.9)

where all the variables used in (6.9) are defined in Table 6.2.

According to (6.9), each particle’s velocity is influenced by three primary parameters:
the inertia weight w, the cognitive acceleration coefficient ', and the social acceleration
coefficients C5. These three weights are used to control the levels of exploitation and
exploration. Exploitation enables the particle to target the best solution achieved so far.
At the same time, exploration allows the particles to randomly search for better solutions, if
any, that have not been identified yet. The inertia weight w defines the particles’ ability to

change their direction. The lower the value of w, the stronger the convergence; lower values
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of w facilitate exploitation, while higher values lead to exploration. Therefore, the inertia w
balances local exploitation and global exploration and thus keeps the algorithm from getting
stuck in local optima.

On the other hand, the weights €'} and Cy5 define the magnitude of influence on the
particle’s velocity, either in the directional towards the particle’s best position and hence
the local optima, or towards the global best, which results in the global optima. If C}
is much higher than Cs5, convergence is not achieved since each particle is individualistic,
focusing on only its personal best. On the other hand, a much larger value of Cy when
compared to C; favours exploitation to the group’s global best value at the expense of
exploration. Therefore, these two acceleration coefficients are complementary, and combining
them increases exploitation and exploration. The weights r; and 75 are used to stochastically
adjust the cognitive acceleration and social acceleration coefficients, respectively, and thus
enable an appropriate balance between exploration and exploitation.

After determining each particle’s new velocity using (6.9), the new position is then

updated using

it =gl 4ol vue{1,2,...,m} vy e {1,2,...,Y}. (6.10)

yu yu

Consequently, each iteration of the PSO algorithm involves determining each particle’s
velocity, which allows it to modify its position over the iterations to find the global optimal

solution.
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6.4.2 The proposed PSOPA algorithm

A population set ) consisting of Y particles is defined. For each particle y € ), both the
position and velocity vectors are defined as |Uy? | dimensional vectors, where |Us? | represents

the number of users associated with the AN n; by the solution to problem P5. Therefore,

each particle’s position vector is defined as 7, = (21, Ty, . . ., Ty ‘) € RMa?l On the other
hand, the velocity vector is represented as U, = (vy1, vy, - . - ,vy|unj|) € RY . The element
Tyy € [0, Pﬁ?”es/]WjH in #, represents the power allocated to a user u € {1,2,..., [Uasd|} over

one BBU. Thus, the purpose of the PSO algorithm is to determine the optimal solution g,
consisting of optimal power values z,, Yu € {1,2,...,|Ua4|} that satisfy the optimisation
problem P7 in (6.8).

Algorithm 7 depicts the proposed PSO power allocation algorithm. The population set
Y is generated in line 2, and line 3 randomly generates the initial position z; and velocity
v, of each particle y € Y. In line 4, each particle’s initial position z is initialized as the
particle’s best value p;,. Using the position vector ;, each particle’s fitness value is evaluated
using the optimisation problem P7 in line 5. In line 6, the position vector with the highest
fitness value is initialized as the global best value g. Lines 7 - 17 iteratively run the PSO
algorithm by updating the particles’ velocity and position vectors in each iteration utilising
equations (6.9) and (6.10), respectively, and consequently updating each particle’s personal
best value p, and the global best value g. As the position vectors are updated, the values
obtained might fall out of the accepted range |0, Pfli_”’es /IWj;l]. Therefore, line 12 ensures that
these values fall within the problem’s search space. Fig. 6.1 depicts the PSO process for a

minimisation problem such as P7 (6.8).
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Algorithm 7 PSOPA at an access node

Input: Population size Y, inertia coefficient w, personal acceleration coefficient ', social
acceleration coefficient Cy, Number of iterations Z, channel gain statistics determined using
(3.8) between the AN n; and the different associated users, the number of BBUs allocated
to the different users as determined by problem P5

Output: Power allocation vector

1: procedure POWER ALLOCATION
2: Generate the initial population set )} containing Y particles
3: Randomly generate each particle’s initial position Z, and velocity
4: Initialize each particle’s best value as p, < @,
5: Evaluate each particle’s fitness value using P7
6: Initialize the global best value ¢
7. for iteration = 1: Z do
8: for each particle y € Y do
9: Pick two random numbers 1,79 ~ U(0,1)
10: Update particle’s velocity v, as follows:
’17y — wﬁy + Clrl(ﬁy — fy) + Cz?“g(ﬁ— fy)
11: Update particles new position using:
Ty Ty + Ty
12: Bound the updated position to fall within the search space
13: Evaluate the fitness value P7(Z,) of Z,
14: If P7(Z,) < P7(py), then py < Z,,
15: If P7(%,) < P7(g), then g+ &,
16: end for
17:  end for

18: Return the power allocation solution ¢
19: end procedure

6.4.3 The computational complexity of the PSO power allocation
algorithm

Similar to the previous chapters, the time complexity of the PSOPA algorithm is analysed
using the big-O notation. Algorithm 7 starts with generating the particles’ initial position
and velocity vectors. The time complexity for generating random numbers is O(1), which is
independent of the number of random numbers to be generated. Therefore, this complexity
is negligible. Lines 7-17 of Algorithm 7 involve evaluating the objective function of each

particle. This computation involves determining the data rate achieved for each power
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Figure 6.1: The PSO algorithm process.

value z,, in 2, while ensuring the constraints are satisfied. The time complexity for this
computation is O(|Ua7|), where |Us4| is the number of users associated and served by the
AN n;, according to problem P5. Also, updating the velocity of each variable vy, in v,
requires a complexity of O(|Us?|). In the same manner, the position vector of each variable
Ty, in 7, has to be updated in each iteration, requiring a time complexity of O(|Ua?|)
as well. Given that the above computations have to be done for all particles and in Z
iterations, the overall time complexity of the PSO power allocation algorithm is then given
by O(Z xY X (Uad |+ |Uai |+ |Uai|)), which can be reduced to O(Z x Y x |Us3]). Consequently,
the proposed power allocation algorithm is characterised by a polynomial time complexity

that depends on the number of iterations Z, the population size Y and the number of users

Uz3 | associated to the AN n;.
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6.5 The equal power allocation scheme

The performance of the proposed PSOPA algorithm is validated through comparison to the
EPA scheme, as utilised in [176, 177]. The EPA algorithm allocates the same power to all
AN’s BBUs as was done in solving problem P5. Therefore, the power allocated to any AN’s
BBU in the EPA is given by

P;st

Pnj,u7wj LYY (611)
W

where Pﬁ?““ is the maximum power available at AN n; and [)W"| is the number of
BBUs available at that AN. Since the PSOPA algorithm allocates a power in the range

0, Pﬁ;”"es/|WjH to a BBU allocated to a user associated to AN nj, it is clear that the EPA

algorithm gives the upper bound of an AN’s BBU allocated power.

6.6 Results and performance evaluation

To evaluate the performance of the proposed PSOPA algorithm, we consider a scenario in
which users are randomly and uniformly distributed in an urban circular region of 3 km
radius. This region is within the coverage of 1 LEO satellite and 1 HAP and consists of
several MBSs and 1 LAP. The radius of an MBS is assumed to be 1 km, while that of the
LAP is 2 km. The parameters used in the simulation are given in Table 6.3 [19, 1, 111, 112].
Similar to Chapter 5, the data packet arrival rate A\, Vv € {R,E, D} is set to 20 packets/s,
the packet size for the euRLLC service group is set to 500 bits while that for the feMBB

and LDHMC to 9000 bits. The delay bound D, and delay bound violation probability
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Table 6.3: Simulation parameters and values.

Parameter Value

Tans T Trys T [0.18, 0.18, 1, 2] Mz
Number of BBUs for [ng,nc, ny, ns| [10, 10, 20, 20]
[Plres piives pies pies) 8, 5, 20, 25] Watts
Service group user ratio [[Ur| : [Up| : [Ug]] | [0.3:0.1:0.6]

Noise spectral density —174 dBm

threshold € used to obtain the minimum rate C;’Z” for the delay-sensitive users as described
in Section 5.2.1 are set to 1 ms and 0.001 respectively.

As the PSO’s performance depends on the inertia weight w, the acceleration coefficients
C7 and (5, and the population size Y, the simulation started with determining the

appropriate values to use, considering a case of 100 users in the network.

6.6.1 PSO parameter setting

The appropriate parameters used in the proposed PSOPA solution are identified in this
subsection. Fig. 6.2 depicts the effect of the inertia weight w on the PSO convergence.
The values of C7, C5, and the population size are fixed at 1, 2, and 200, respectively. The
figure shows that w = —0.2 achieves the lowest fitness value at convergence. As w decreases
below —0.2, the performance of the PSO worsens since we observe an increase in the fitness
value at convergence. Such performance is because the rate of exploitation increases further,
thereby increasing the chances of the algorithm getting stuck in a local optimum. Similarly,
increasing w from 0.2 to 1 increases the fitness value achieved at convergence and does not
provide the required minimum fitness value. As w increases, the rate of exploration increases,

thereby influencing the particles’ direction to their personal best and not the group’s global
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Figure 6.2: Effect of inertia w on convergence of the PSO.

best. This leads to the observed reduction in performance at convergence. Since w = —0.2
yields the best performance, this value is chosen for this work.

Fig. 6.3 depicts the effect of C'; on the fitness value achieved at convergence. All values
of C yield almost the same fitness value at convergence, with C; = 2 slightly outperforming
all other values of C;. Consequently, C; = 2 is chosen for this work.

Fig. 6.4 shows the effect of C; on the convergence of the PSOPA algorithm. In this
figure, Cy = 2, Cy = 2.5, and (5 = 3 achieve almost the same fitness value at convergence.
The value chosen for this work is Cy = 2 since the higher values will increase exploitation
which is already favoured by the lower inertia value. The population size’s effect on the
PSO convergence is shown in Fig. 6.5. It is observed that the performance of the PSO
improves slightly as the population size Y increases. = However, the higher the values of

Y and iteration size Z are, the more the computational complexity of the PSO. Therefore,
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Figure 6.3: Effect of cognitive acceleration coefficient C; on convergence of the PSO.
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Figure 6.4: Effect of social acceleration coefficient Cy on convergence of the PSO.

Y = 300 and iteration size Z = 200 were chosen to validate the proposed PSOPA algorithm.

Table 6.4 gives the parameters used for the PSO algorithm.
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Table 6.4: PSO parameters.

Parameter Value
Inertia weight w —0.2
Cognitive acceleration coefficient C | 2
Social acceleration coefficient Cy 2
Particle size Y 300
Number of iterations Z 200

6.6.2 Simulation results

The performance of the PSOPA algorithm is analysed by comparing it to the EPA scheme.
The performance evaluation is based on three metrics: i) the achieved data rate in bits/s,
ii) the consumed power in Watts, and iii) the global energy efficiency defined as the ratio of

the total network data rate to the total network power consumption as defined by (6.1).
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6.6.2.1 Impact of the trade-off factor (

First, considering a scenario of 70 users in the network and power allocation to the users
associated with the HAP AN, Fig. 6.6 shows that in solving P6 as a weighted sum SOOP
(6.8), a set of Pareto-optimal solutions exists. The figure is obtained using Algorithm 7 and
varying the weighting factor ¢ from 0 to 1 with an increment size of approximately 0.0526.
The figure shows the functional relationship between the two functions f1 and f2 in (6.8).
To maximise the data rate, the fitness value of objective function f1 (function 1 in Fig. 6.6)
has to be minimised, which increases the power consumption in the network represented by
objective function 2 in the figure. Therefore, there is a need for a trade-off between the two
functions to achieve an energy-efficient network, with the optimal energy-efficient solution

falling inside the circular region in Fig. 6.6.
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15.0

objective function 2

12.5 A
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754 . : . . .
-5 —4 -3 -2 -1 0
Objective function 1 le8

Figure 6.6: Pareto-optimal front of weighted sum SOOP in (6.8).
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The contradiction of the two objective functions f1 and f2 in (6.8) is further illustrated
by Fig. 6.7. This figure depicts the behaviour of the total achieved network data rate and the
total power consumption as the weighting factor ¢ varies. When ( is low, objective function
f2 is prioritised. Consequently, the total power consumed in the network is minimised but
at the expense of a reduced network data rate. As ( increases, the priority shifts to data
rate maximisation, hence the observed increase in the achieved total network data rate.
However, such a rise implies an upsurge in power consumption, as depicted by the figure,
thereby further illustrating the importance of the trade-off factor ( in achieving a balance
between the two objective functions.
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Figure 6.7: Effect of ¢ on total network data rate and total power consumption.
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6.6.2.2 Impact of user and access nodes densities

In this subsection, the PSOPA algorithm’s performance is evaluated for a varying number of
users in the network. Since the NTNs are characterised by a large coverage area, their ANs
are maintained at 1 LAP, 1 HAP, and 1 LEO satellite. However, the effect of user density
is analysed for varying MBS densities (i.e., Ng = 2,4, 6, and 8 MBSs, where Np represents
the number of MBSs.) The weighting factor ( is set to 0.7 in these simulations.

Fig. 6.8 depicts the effect of user density on the total network power consumption for
different numbers of deployed MBSs. As can be observed in the figure, an increase in the
number of users in the network generally increases the total network power consumption.
However, as the number of users exceeds what the network can serve, the power consumption
saturates and thus remains almost constant for both algorithms. This is because the available
resources have been depleted, and as such, the network serves a fixed number of users, which
results in consuming almost constant power. Also, as expected, more power is consumed as
the number of ANs increases in the network. An increase in the number of ANs allows a
significant number of users that were initially dropped due to limited resources to be served,
leading to an upsurge in power consumption for a large number of users in the network. As
observed in the figure, as the number of users in the network increases, the PSOPA algorithm
performs better than the EPA algorithm in terms of power consumption for all different AN
densities. The power consumed by the PSOPA and EPA algorithms, on average, for the
different AN densities is depicted in Table 6.5.

According to Table 6.5, the average power consumption for the PSOPA and EPA

algorithms is 43.478 and 70.521 Watts, respectively, translating into a 38.3% performance
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Table 6.5: Average network power consumption for varying number of MBSs.

MBS density Average power consumption | Average power consumption
by the PSOPA algorithm | by the EPA  algorithm
(Watts) (Watts)

2 39.46813324 66.589

4 42.66481536 69.975

6 44.82932332 72.024

8 46.95056691 73.498

Average power | 43.47820971 70.5215

consumption

(Watts)

gain of the PSOPA algorithm over the EPA scheme. The PSOPA algorithm consumes less
power than the EPA algorithm because it is formulated in a manner that enables it to reduce
the power consumed by a BBU while still maintaining a data rate that satisfies the demands
of the served users. Such a reduction in power consumption enables the PSOPA algorithm to

achieve a better EE performance than the EPA algorithm, as shown in Fig. 6.9. The PSOPA
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algorithm achieves an average EE of 5.125 x 107 bits/Joule, which is higher than 4.06 x 107
bits/Joule achieved by the EPA algorithm, as elaborated by Table 6.6. Such performance
translates into a 20.7% performance gain of the PSOPA algorithm over the EPA algorithm

in terms of EE.
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Figure 6.9: Effect of user density on the global energy efficiency for varying number of MBSs
Ng.

Table 6.6: Average global energy efficiency for varying number of MBSs.

MBS density Average energy efficiency | Average energy efficiency
by the PSOPA algorithm | by the EPA algorithm
(bits/Joule) (bits/Joule)

2 5.9998 x 107 3.1817 x 107

4 6.8866 x 107 3.9646 x 107

6 7.1450 x 107 4.2509 x 107

8 7.6144 x 107 4.8541 x 107

Average energy effi- | 5.1252 x 107 4.0628 x 107

ciency (bits/Joule)
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Figure 6.10: Effect of user density on the total network data rate for varying number of
MBSs Ng.

However, the PSOPA algorithm achieves a higher EE than the EPA algorithm at the
expense of the achieved total network data rate. Fig. 6.10 shows that as the number
of users increases in the network and for the different MBS densities, the EPA scheme
achieves a higher data rate than the PSOPA algorithm. The exact average values achieved
by both algorithms for the different MBS densities are presented in Table 6.7, with the
EPA algorithm achieving an overall average data rate of 7.481 x 10® bits/s compared to
6.798 x 108 bits/s achieved by the PSOPA algorithm. Thus, the EPA algorithm outperforms
the PSOPA algorithm by 9% in terms of achieved total network data rate. The reason
for such a performance is that in the EPA scheme, each allocated BBU is allocated the
maximum available power Py, ., = Pﬁ?’”es /IW;|, resulting in maximum possible data rate

at each AN. This does not necessarily mean that maximum power is required to meet the
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QoS requirements of the users. Hence, the PSOPA scheme efficiently allocates the required
power according to ¢ to meet the user QoS requirements and consequently achieve lower

power consumption and a higher EE.

Table 6.7: Average network data rate for varying number of MBSs.

MBS density Average network data | Average network data rate
rate by PSOPA algorithm | by EPA algorithm (bits/s)
(bits/s)

2 6.555 x 10° 7.214 x 10°

4 6.823 x 10° 7.511 x 10®

6 7.145 x 10® 4.251 x 10%

8 6.843 x 10° 7.530 x 10°

Average network | 6.798 x 10° 7.481 x 10°

data rate (bits/s)

Figs. 6.11 and 6.12 further elaborate that depending on the operator’s priority, ¢ in
(6.8) can be set to either maximise the achieved data rate or the energy efficiency. In Fig.
6.11, as ( increases, the priority of the PSOPA algorithm shifts to maximising the achieved
total network data rate. As such, the total network data rate achieved by the PSOPA
algorithm approaches the upper bound set by the EPA scheme. However, Fig. 6.12 shows
that increasing ¢ reduces the energy efficiency achieved by the PSOPA algorithm, narrowing
the gain in EE achieved over the EPA algorithm since a high ¢ implies increased power
consumption. On the other hand, lower values of ( allow the PSOPA algorithm to prioritise
minimisation of power consumption, resulting in higher performance in EE as depicted by
Fig. 6.12. Consequently, ¢ can be used in the PSOPA algorithm to either maximise the data
rate, thereby maximising the ITNTN SE, or maximise the EE depending on the operator’s

needs. Also, it is worth noticing that in Fig. 6.12, the EE gain over the EPA algorithm is
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Figure 6.11: Effect of user density on the total network data rate for varying (.
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Figure 6.12: Effect of user density on the global energy efficiency for varying (.

more significant as the number of users in the network increases, further emphasizing the

need for an energy-efficient algorithm, especially for many users in the network.
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While this chapter formulated the optimisation problem (6.4) that maximised the global
EFE and minimised the mobility-induced handoffs in the ITNTN, it is essential to note that the
effect on mobility-induced handoff has not been analysed in this chapter. The decomposition
of the problem (6.4) into the UARA problem P5 and the PA problem P6 enabled the handoff

effect to be evaluated in the solutions for problem P5 presented in Chapters 3 to 5.

6.7 Chapter summary

This chapter addressed the EE problem in the ITNTN. A weighted sum SOOP that
maximised the EE in the ITNTN while minimising the number of mobility-induced handoffs
was proposed. The complexity of the SOOP was reduced by decomposing it into two sub-
problems: the UARA and the PA problems. In the UARA sub-problem, the BBU power was
fixed, ultimately transforming the problem into a SOOP that maximised the total network
data rate while minimising the mobility-induced handoffs. The UARA SOOP was observed
to be the same problem presented in Chapter 3, and as such, could be solved by any of the
solutions discussed in Chapters 3 to 5.

On the other hand, the PA sub-problem was a non-linear fractional programming problem
whose complexity was reduced by transforming it into a weighted sum SOOP that maximised
the AN achieved data rate and minimised the BS total consumed power. The PSO algorithm
was utilised to solve the SOOP PA sub-problem. The PSOPA scheme was validated through
comparison with the EPA algorithm. Simulation results revealed that for different values of

the weight ¢ in the PA SOOP (6.8), the PSOPA algorithm could either maximise the EE of
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the ITNTN and thus outperforms the EPA algorithm or maximise the achieved data rate,

thereby approaching the data rate upper bound performance set by the EPA algorithm.
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Chapter 7

Conclusion and Future Work

This thesis proposed efficient RRM schemes for the ITNTN. In particular, the research
addressed the problem of efficient UARA in the I'TNTN by developing algorithms that
maximised the total network data rate (and hence SE) and the total network EE. Moreover,
the UARA problem was formulated to allow differentiated service provisioning, ultimately
enabling priority-based resource allocation. The users were differentiated based on their use
cases, optimally and dynamically associating them with the appropriate RANs depending
on the network capabilities, access nodes’ resources, and power budgets. Furthermore, the
work prioritised using RANs with the largest cell radius for service provisioning mobile
users to minimise mobility-induced handoffs. The formulated UARA problems were non-
linear and combinatorial, making them NP-hard. In order to reduce the complexity of these
problems, they were decomposed into sub-problems and subsequently solved using algorithms
that returned polynomial-time solutions. Moreover, the thesis investigated the use of RL

to achieve intelligent UARA for the I'TNTN, considering the heterogeneity in user QoS
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requirements. The proposed algorithms were implemented using the Python programming
language, and significant conclusions were drawn. Sections 7.1, 7.2, and 7.3 summarise the

significant contributions, future work, and concluding remarks, respectively.

7.1 Summary of contributions

In addressing the UARA problem, this thesis considered a usage scenario in which many
users exist, necessitating the deployment of NTN RANs to support the TN in meeting the
exponential user demands. The RANs in the considered ITNTN have different capabilities
and limitations in supporting users with contrasting demands. Therefore, this thesis focussed
on providing effective radio resource management schemes that efficiently mapped users with
diverse QoS requirements to the appropriate RAN of the ITNTN. The schemes focussed
on maximising the total network data rate while minimising mobility-induced handoffs.
Moreover, latency requirements, energy-efficient and priority-based resource allocation were

also considered. The contributions of this thesis can be summarized as follows:

e Chapter 1 presented the thesis’ research background, motivation, problem, and
objectives. Chapter 2 detailed the ITNTN architecture, RRM frameworks, and a
comprehensive literature review on RRM in the I'TNTN. Moreover, some research
gaps in the state-of-the-art literature regarding UARA in the ITNTN were identified

and discussed.

e Chapter 3 presented the proposed service-aware UARA system model and problem

formulation. The problem was formulated as a MOOP, maximising the total
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network data rate while minimising the probability of mobility-induced handoffs. The
complexity of the MOOP was then reduced by adopting the weighted sum method,
which transformed the MOOP into a SOOP. The complexity of the equivalent NP-
Hard SOOP problem was reduced by decomposing it into two sub-problems: the
user association sub-problem and the optional resource distribution sub-problem. A
service-aware greedy heuristic algorithm was proposed to solve the user association sub-
problem, and simulations were carried out to validate the relevance of differentiated
service provisioning in the ITNTN. Simulation results showed that the service-aware
greedy algorithm outperformed the service-unaware scheme in terms of spectrum
efficiency, user acceptance ratio, and handoff probability by 12%, 9.8%, and 78% on
average, respectively. Moreover, the resource distribution problem was reformulated
as a water-filling problem and solved using CVXPY, consequently analysing the effect

of distributing the unallocated BBUs to the associated users.

Since the greedy heuristic solution to the user association sub-problem does not
ordinarily produce an optimal solution, Chapter 4 presented a polynomial-time solution
based on the GA to solve the user association sub-problem presented in Chapter 3.
The problem was encoded into a sequence of chromosomes with genes representing the
user association solutions. Service group-dependent fitness functions were formulated
to determine the near-optimal UARA solution. Moreover, to validate the performance
of the GA solution, the Gurobi solver was utilised to determine the ILP solution to
the user association. In addition, the GA was compared with two other solutions, the

heuristic greedy algorithm described in Chapter 3 and the RUA algorithm. Simulation
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results showed that as the number of ANs increased in the ITNTN, the GA’s SE
performance outperformed the ILP, greedy and RUA algorithms by 0.2%, 1.04% and
1.1%, respectively. Moreover, the GA outperformed the RUA algorithms in handoff
probability by 51.8% on average. Furthermore, the GA showed a user AR performance
that outperformed the ILP, greedy, and RUA solutions by 3.7%, 6.2% and 8.3%,

respectively.

Chapter 5 investigated the use of RL in solving the user association sub-problem
defined in Chapter 3 to achieve an intelligent solution that makes resource allocation
decisions for the ITNTN in real time. Consequently, a MA3DQN solution based on
the centralised training but distributed execution approach was proposed. Besides,
the chapter adopted the effective capacity theorem to guarantee the delay QoS
requirements for mission-critical users. The performance of the MA3DQN algorithm
was compared to the GA, the ILP solution, the greedy algorithm, the RUA algorithm,
an approximation-based heuristic algorithm, and a simulated MADQN algorithm.
Simulation results revealed that as the number of users in the network increased,
the acquired data rate of the MA3DQN algorithm was within 0.48% and 0.42% of
that achieved by the GA and ILP solutions, respectively, and outperformed all other
algorithms. Moreover, for an increasing number of access nodes in the network,
the MA3DQN algorithm achieved a total network data rate that was within 0.9%
and 0.48% of the GA and ILP solutions, respectively. On average, it outperformed
the MADQN, approximation, greedy, and RUA algorithms by 0.3%, 0.3%, 0.6%,

and 0.4%, respectively. Notably, the proposed MA3DQN algorithm presented the
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best running time, attaining a gain of 99.9% over the GA, which performed the
poorest among the algorithms characterised by polynomial worst-case time complexity.
Besides, the MA3DQN approach maintained a handoff probability of zero, unlike the

approximation-based, and RUA solutions.

In Chapter 6, a weighted sum SOOP that maximised the EE of the ITNTN while
minimising the number of mobility-induced handoffs was proposed. The complexity
of the SOOP was reduced through decomposition into two sub-problems: the UARA
problem and the PA problem. The UARA problem was similar to the user association
sub-problem described in Chapter 3, which maximised the total network data rate and
minimised the mobility-induced handoffs and was subsequently solved in Chapters 3 to
5. On the other hand, the PA problem was a fractional programming problem whose
complexity was reduced by transforming it into a weighted sum SOOP that maximised
the AN achieved data rate and minimised the BS total consumed power. The PSO
approach was used to solve the SOOP PA sub-problem. The PSOPA scheme was
validated through comparison with the EPA algorithm. Simulation results revealed
that for different values of the weight in the PA SOOP, the PSOPA algorithm could
either maximise the EE of the ITNTN and thus outperform the EPA algorithm in
terms of EE or maximise the achieved data rate, thereby approaching the achieved

data rate upper bound performance set by the EPA algorithm.
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7.2 Future work

Some research issues and avenues require further investigation to improve this work. Some

of the possible future work related to this thesis are outlined below:

1. Future work can investigate the possibility of extending this work to the physical layer
of the wireless network and thus investigate concepts such as spatial multiplexing,
Intelligent reflecting surface, and reconfigurable intelligent surface in the ITNTN.
Such an optimisation problem will consider a scenario in which the ANs and/or users
are equipped with multiple antennas and thus will involve optimising the different

beamforming vectors from the ANs to the users.

2. This work considers using multi-mode UE that can only connect to a single RAN for a
particular call/session at a time. Future work can consider using multi-homed devices
that allow simultaneous data transmission from multiple access nodes to any given
UE. Such a scenario will provide macrodiversity against shadowing, path loss, and
blockage. Macrodiversity allows the communication of the same signal over multiple
paths, thereby exploiting the variations in large-scale fading of the different paths in
the ITNTN and thus enhancing reliability, especially for the mission-critical use case.
However, the joint transmission of the same signal from multiple nodes to a UE reduces
resource utilisation, and hence, a trade-off between reliability and resource utilisation

must be investigated.

3. This work considered a usage scenario in which the UAVs are quasi-stationary, deployed

to serve a large group of users, say in an urban area, during a carnival event. Future
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work can investigate UARA in the ITNTN for a scenario where the UAVs are moving. If
users are moving (say in a scenario such as a pilgrimage), the UAVs must move along
with them, as traffic keeps changing spatially. This usage scenario will necessitate
tracking the movements of both users and the nodes to avoid multiple connections and
disconnections that may result when an already connected user moves out of range of

its access node, which is also moving.

4. Future work should also investigate the use of advanced RL algorithms, such as
federated RL and transfer learning, to improve the performance of RL for service-

aware UARA in the ITNTN.

5. In future work, the RRM schemes for the I'TNTN described in this work can be

implemented on light and cost-effective test beds.

7.3 Concluding remarks

This thesis proposed efficient radio resource management algorithms for the ITNTN
consisting of the terrestrial, LAPs, HAPs, and satellite RANs. The solutions considered
the different capabilities and limitations of the RANs and the heterogeneous user QoS
requirements. Therefore, the thesis has contributed to ongoing research on combining TNs

with NTNs to provide efficient radio access to users with contrasting demands.
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A Appendix 1

Equating (5.4) to (5.2) yields

log.e Au, (7= — 1)
19'&72 Dmax B /19 '

Ur

Making ¢’z in (1) the subject gives

Applying logarithms to the left and the right hand side of (2) yields

log, e
Oy =log, [1 - —22—1].
" Oge( AURDmaX>

Substituting for ¥, in (5.4) using (3) gives

log, e

® log, e\
Dynax log, | 1 — ——26"—
* ( AURDmaX)

But )\um;” in (4) is in packets/s. Multiplying it by the packet size L, , yields the minimum

rate CZZZ” in bits/s that guarantees the bound on the delay violation probability.

Ly, log. e

log, .
Diax 1 11— —
Oge ( AUR Dmax)

min __
CUR = —
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