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Abstract

Multimedia Internet of Things (IoT) is an emerging paradigm enabling devices to

form an interconnected network of all types of communication. Multimedia IoT

is integral to future wireless networks, but there are many challenges that must

be addressed, including: network modelling; resource management; massive scale;

interference management; clustering; and user quality-of-experience.

This thesis focuses on three key enabling technologies of multimedia IoT: (i)

device-to-device (D2D) communications; (ii) machine-to-machine (M2M) commu-

nications; and (iii) unmanned aerial vehicles (UAVs) as low flying base stations

(BSs). Using game theory, we develop novel solutions for decision making pro-

cesses required to address the key challenges and technologies of multimedia IoT,

where interactions between users competing for resources are modelled in a fully

distributed and autonomous manner.

In the first half of this thesis, we study game theoretic approaches for re-

source allocation in underlaid D2D communications. First, we propose a flexible

application-driven resource allocation scheme, to enhance and improve D2D user

quality-of-experience and reliability. We propose a multiple objective Stackelberg

game using a non-scalarised approach to enable flexible resource allocation, by co-

ordinating and reducing the effects of intra-cell interference, while ensuring D2D

user quality-of-experience. We demonstrate that best social welfare is guaranteed

across all D2D users.

Next, to further reduce intra-cell interference in underlaid D2D networks, we

jointly optimise D2D mode selection, resource block allocation, and interference

management. In existing D2D mode selection techniques, the BS assists D2D pairs

in selecting a transmission mode, requiring complete channel state information

(CSI), i.e., a network-assisted scenario. We propose both a non-cooperative game

and a coalitional game to solve this joint optimisation problem in a network-assisted

scenario. Next, we investigate a user-assisted approach as a viable D2D mode selec-
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tion solution, where the BS has partial CSI. Hence, we extend the coalitional game

to consider the user-assisted approach, while also coordinating intra-cell interfer-

ence, scheduling D2D pairs, and allocating resource blocks efficiently. Extensive

simulations validate the effectiveness of the proposed coalitional game in a user-

assisted scenario.

In the second half of this thesis, we explore two emerging topics in M2M commu-

nications: (i) correlation-aware clustering in dense M2M networks; and (ii) UAVs

as low flying BSs. We first propose a clustering algorithm to cluster a massive num-

ber of machine-type devices based on data correlation, which reduces the number

of redundant bits being sent to the BS. To solve this, we propose an evolutionary

game, and derive a novel utility function that captures the average machine-type

device transmission power per cluster, using stochastic geometry. The proposed

algorithm converges to a stable cluster formation, which is robust to stochastic

changes in the M2M network environment.

Finally, we investigate an energy-aware scheduling scheme for mission critical

M2M communications, utilising UAVs as low flying BSs. To solve this, we combine

Lyapunov optimisation and a one-to-many matching game, where UAVs schedule

themselves to collect sensed data from aggregators, to satisfy the ultra-reliable and

low-latency constraint, whereas aggregators aim to decrease their energy consump-

tion. Two-sided stable matching and stable power allocation is demonstrated for

the proposed algorithm.
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Chapter 1

Introduction

1.1 Motivation

A predominant influence in the evolution of wireless cellular networks is the expo-

nential growth in the number of wireless mobile devices, high mobile data traffic,

and the need for better quality-of-experience (QoE). In particular, the evolution

of wireless cellular networks has been a major driver for the development of mul-

timedia Internet of Things (IoT). Multimedia IoT is an emerging paradigm, that

encompasses both cellular-type devices (CTDs) and machine-type devices (MTDs)

to form a fully interconnected network, which will provide unlimited access to a

range of information and sharing of data [3–6]. In fact, wireless sensor networks

are a core part of multimedia IoT paradigm [6].

According to Cisco, there were 18 billion global mobile devices and connections

in the year 2017, which is expected to increase to 28.5 billion by 2022, i.e., a

compound annual growth rate of 10% [7]. Out of the 28.5 billion global mobile

devices and connections in 2022, 14.6 billion will be from MTDs (i.e., sensing,

smart metering, actuators, wearable devices, etc.) and the rest will be from CTDS

(i.e., smart phones or personal mobile-devices) [7]. In fact, mobile video traffic will

account for 82 % of the total mobile data traffic by 2022 [7]. Hence, supporting the

massive number of CTDs and MTDs in multimedia IoT is a key design challenge.

In traditional cellular networks, a BS is located at the center of the network

and provides coverage to all users within the coverage area. Consider a simple

scenario, as outlined in Fig. 1.1, where we have cellular user A that wishes to

communicate with cellular user B within the coverage area of the same BS. Cel-

lular user A will transmit its message to the BS via an uplink, where the BS will

then forward (relay) the message to cellular user B via the downlink. Hence, all

1
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Base 

Station

Cellular 

user A

Cellular 

user B

Figure 1.1: Illustration of traditional cellular communications.

cellular users relay their messages via the BS, and thus, the BS has control over

all cellular communications within its coverage area. However, due to the number

of CTDs exponentially increasing and the addition of the increasing number of

MTDs within the cellular network, this will cause an increase in the traffic and

demand on the BS and cellular resources [2, 8, 9]. In addition, individual mobile

users are now demanding higher data rates for increased social networking appli-

cations, gaming, augmented virtual reality, and video streaming [2, 10, 11]. These

factors for CTDs, along side the periodic/non-periodic data traffic of MTDs, will

continue to increase the data traffic within cellular networks. Hence, this will lead

to performance degradation of the network and the BS, which, in turn, will cause

increased latency periods and outages, and reduced communication reliability and

QoS for all users [2]. Thus, traditional cellular networks have become inadequate

to support the massive number of devices, as well as the requirements and demands

of these devices. To improve the current cellular networks, new paradigms such as

multimedia IoT in next generation wireless networks are needed.

The next generation wireless network, 5G, is expected to provide: (i) en-

hanced mobile broadband, (ii) massive machine-type communication, and (iii)

Ultra-Reliable Low Latency Communications (URLLC) [10, 11]. In fact, 5G sys-

tems will aim to provide increased capacity, higher data rate, increased coverage

area, low end-to-end latency, high reliability, and support a massive number of de-

vices [7,8,12]. To meet these criteria, it is expected that the future 5G network will

provide the following enhancements over the current 4G network [7, 8, 10, 11, 13]:

• Increase date rate up to 1000× from 4G, in order to support applications such

as high-definition video streaming and augmented virtual reality. Moreover,
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cell-edge devices will receive an increased data rate of at least 100 Mbps.

• Ultra-low end-to-end latency of less than 1 ms, compared to current 4G

roundtrip latencies of 15 ms, as well as ultra-high reliability guaranteeing

no less than 1 − 10−5.

• Improving energy efficiency by decreasing the energy per bit and the cost per

bit for each data link by 100×.

• Support a massive number of devices (1 million MTDs/km2) densely deployed

within the network.

Multimedia IoT will support a diverse range of devices within the network,

i.e., CTDs, MTDs and UAVs, in order to revolutionise and improve our everyday

lives [4, 5]. In particular, multimedia IoT will encompass all forms of media, rang-

ing from high bandwidth applications for enhanced mobile broadband, to telemetry

data sensing for massive machine-type communications, and ultra reliable and low

latency for mission critical communications. Hence, in order to achieve these 5G

requirements and assist in the evolution of the cellular network, new wireless tech-

nologies are being considered [8,14]. The range of new wireless technologies include:

millimeter wave; massive multiple-input multiple-output (MIMO); heterogeneous

networks; D2D communications; M2M communications; and UAVs [2, 15]. From

these new wireless technologies, in order to investigate a wide range of media type

applications, this thesis will focus on three key enabling technologies of multimedia

IoT: (i) D2D communications; (ii) M2M communications; and (iii) UAVs as low

flying BSs in M2M communications. In particular here, investigations into D2D

communications capture the area of enhanced mobile broadband, as it focuses on

increased data rate, spectral efficiency, user experience, and energy efficiency. Here,

M2M communications are investigated for supporting a massive number of MTDs

in the cellular network that are densely deployed, as well as for utilising UAVs as

flying BSs to assist in guaranteeing URLLC constraints in order to provide low

latency and high reliability for mission critical applications. Fig. 1.2 outlines the

three main 5G use cases for multimedia IoT, as well as application examples.

D2D communications enables users who are within close proximity to transmit

directly between one another, without relaying through a BS. Thus, D2D com-

munications is an integral part in the current and future cellular network, as it

alleviates network congestion, traffic, and demand on the BS. There are several
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Figure 1.2: Three main 5G use cases for multimedia IoT and examples of applica-
tions [1].

advantages to both users and the network when adopting D2D communications,

such as increased spectral efficiency, QoS, reliability, energy efficiency, throughput,

system capacity, and scalability, as well as reduced latency [2,9,16]. D2D commu-

nications can be implemented in either in-band (licensed spectrum) or out-band

(unlicensed spectrum). Moreover, enabling direct communication between CTDs

in multimedia IoT, will cause an increase in battery lifetime and larger coverage

areas.

Like D2D communications, M2M communications is also an integral part in the

current and future cellular network, as it enables advanced network applications

such as smart home technologies, healthcare, drone systems, and surveillance [17–

22]. In fact, 3GPP conducted a study into further D2D enhancements [23], which

proposed a user-to-network relay for IoT and wearables (i.e., MTDs) utilising D2D

communications. This study aimed at utilizing the sidelink (i.e., the direct link)

to increase energy-efficiency and communication reliability for all users in the net-

work, as well as reducing power consumption and guaranteeing QoS for a range of

different traffic types [23, 24]. An MTD can be a sensor, actuator, or smart meter

whose typical role is to sense or measure an environment, and transmit the col-

lected data to BSs. Thus, MTDs generally have little or no mobility and typically

transmit small amounts of data [18]. Moreover, MTDs enable real-time monitoring

and control of any physical environment, without direct human involvement, thus

making processes more efficient and improving human welfare [25, 26].

Meanwhile, UAVs deployed in cellular networks can provide reliable and cost
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effective solutions for practical scenarios, due to their high mobility, agility, and

flexibility [27,28]. In fact, UAVs can be used as aerial BSs, which can deliver reliable

communications, as well as increased network capacity and coverage area [29, 30].

UAV BSs can be deployed to several scenarios, ranging from highly densely popu-

lated areas to regions without coverage or poor connectivity. Furthermore, UAVs

in multimedia IoT will play a key role in assisting M2M communications. For in-

stance, an MTD may not have enough energy to transmit their data to the BS,

due to limited battery lifetime, power constraints, and large transmission distances.

Thus, UAVs can be deployed within close proximity to MTDs, in order to assist in

forwarding MTD data to the cellular BS.

Implementing multimedia IoT in future wireless networks, poses significant chal-

lenges to D2D communications, M2M communications, and UAVs as low flying

BSs, ranging from network modelling to resource management, scalability, inter-

ference management, user QoE, energy-efficiency, latency, and clustering. The chal-

lenges for these three key enabling technologies of multimedia IoT are discussed in

the next subsection.

1.1.1 Research Challenges in Multimedia IoT

1.1.1.1 D2D communications

D2D communications are classified as cellular oriented IoT networks, which focuses

on a range of media type applications, including high bandwidth applications. The

introduction of D2D communications in the current and future cellular networks,

can be implemented in either in-band or out-band. In the case of in-band, D2D

users will utilise licensed spectrum, whereas in the case of out-band, D2D users

will utilise unlicensed spectrum. In particular, in-band D2D communications (li-

censed spectrum) will guarantee higher QoS over out-band D2D communications

(unlicensed spectrum), as out-band is susceptible to uncontrolled interference [16].

In this thesis, we focuses on in-band D2D communications. In particular, in-band

D2D communications poses three main challenges, which are: D2D mode selection,

resource allocation and interference management, and quality-of-experience. In the

following we will give an overview of these main challenges.

Mode Selection: D2D mode selection enables D2D pairs utilising licensed spec-
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trum, to select a transmission mode to operate in, i.e., D2D pairs need to deter-

mine whether they should transmit via a direct link or a cellular link [16]. Fig. 1.3

outlines an illustrative example of the three transmission modes for D2D com-

munications. Enabling D2D mode selection, allows D2D pairs to operate more

efficiently, which leads to improved system capacity and throughput. Hence, the

set of possible transmission modes for D2D communications are [16]:

• Cellular Mode: Enables D2D pairs to transmit via traditional cellular com-

munications, i.e., relaying messages through a BS (no direct communication

link). This mode is typically used if the distance between the D2D pair

transmitter and receiver is large, or if the D2D pair is located within close

proximity to a BS.

• Dedicated Mode: D2D pairs transmit directly between themselves. The BS al-

locates these D2D pairs orthogonal resources, i.e., dedicated spectrum (over-

lay). Thus, D2D pairs in dedicated mode will not receive or cause any in-

terference within the cellular network, however, they will need to wait till

resources become available.

• Reuse Mode: D2D pairs also transmit directly between themselves. The BS

allocates these D2D pairs non-orthogonal resources, i.e., D2D pairs share

existing cellular resources (underlay). Hence, D2D pairs in reuse mode will

cause interference to cellular users and other D2D pairs sharing the same

resource/s.

In order for a D2D pair to determine a suitable transmission mode to oper-

ate in, the BS typically assists the D2D pairs in making such a decision, which is

referred to as network-assisted D2D communications. Network-assisted D2D com-

munications assumes that the BS must have global knowledge of the network, such

as complete CSI and the location of all users [16, 31–33]. In order for the BS to

acquire global knowledge of the network, this will cause signalling overhead and

network complexity to significantly increase, especially with the number of users

in the network is exponentially increasing. Furthermore, in practical scenarios,

network-assisted D2D communications may not be ideal, as complete CSI cannot

always be achieved for all users at the time.

Therefore, the main challenge is how to determine suitable criteria for D2D pairs

to select an appropriate transmission mode, in a distributed manner. In particular,
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Figure 1.3: Illustrative scenario of all transmission modes for D2D communications.
In this example, D2D pair d1 is transmitting in dedicated mode, D2D pair d2 is
transmitting in reuse mode and causing intra-cell interference, and D2D pair d3 is
transmitting in cellular mode.

c2 uplink c3 downlink
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Figure 1.4: Resource block allocation for the example scenario shown in Fig. 1.3.

it is desirable to design a D2D mode selection approach, where the BS has partial

CSI of the network, i.e., the BS will have little involvement in the mode selection

decision. Moreover, D2D mode selection also relates to the resource allocation and

interference management challenge in D2D communications, which focuses on, how

resources are allocated to D2D users, as well as how interference can be handled

within the network, given a particular mode selection.

Resource Allocation and Interference Management: Resource allocation

and interference management is essential in in-band D2D communications. Fig. 1.4

outlines an illustrative example of the resource block allocation for all transmission
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modes in D2D communications, based on the scenario in Fig. 1.3. For reuse mode,

D2D pairs can reuse/share the uplink or downlink resource block/s of cellular

user/s, which causes severe interference between users in the network. Hence, the

interference may significantly degrade cellular user performance and QoS. In the

cellular network, interference generated is characterised as intra-cell interference

and inter-cell interference. In the case of intra-cell interference, this is generated

between devices in a cell using the same time and frequency resources. In contrast,

inter-cell interference is generated when users from different cells in the network

use the same time and frequency resources.

In uplink resource sharing, D2D pairs will cause intra-cell interference to the cel-

lular user’s uplink, as well as all other D2D pairs sharing the same uplink resources.

On the other hand, in downlink resource sharing, D2D pairs will cause intra-cell

interference to the cellular user’s downlink and the BS will cause interference to the

D2D pair receiver. In particular, for uplink resource sharing, the BS can handle

the extra interference that is caused by D2D communications, without requiring

additional hardware [16, 34, 35]. Whereas, for downlink resource sharing, the D2D

pair receiver may require extra hardware to handle the large amount of interfer-

ence from the BS [16, 34, 35]. However, in either case, interference management is

needed in order to ensure users operate more efficiently and their performance is

guaranteed.

Meanwhile, for dedicated and cellular modes, the BS will allocate orthogonal

resources. D2D pairs operating in cellular mode are guaranteed orthogonal re-

sources, as they are essentially operating as traditional cellular users. In contrast,

coordination is required between D2D pairs and the BS, when allocating orthog-

onal resources to D2D pairs in dedicated mode. This is because, the BS needs to

assess if there are any free/idle resource blocks available to be allocated to D2D

pairs [36].

Therefore, there is a need to adopt distributed resource allocation and inter-

ference management schemes, in order to coordinate and reduce the interference

between users in the network, as well as allocate orthogonal resources efficiently.

Quality-of-Experience: There is a wide range of potential applications for D2D

communications in multimedia IoT, such as, messaging, content sharing (such as

videos and photos), local voice calling, gaming (single or multi-player), data shar-
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ing, advertising, uploading/downloading or streaming content, and emergency ser-

vices (local security and safety communications between neighboring police, fire-

men, and ambulance officers) [2,37,38]. These different applications in multimedia

IoT focus on different forms of media, where each application has different QoE

requirements. Thus, depending on the D2D application, particular factors such

as, reliability, priority, throughput, or transmit power, can be enhanced in order

to increase each D2D users QoE. For example, if low data rate was provided to a

D2D user whose application is uploading content, then this would have a negative

effect on user satisfaction, when compared to providing high data rate. Hence,

guaranteeing D2D user QoE ensures end-user satisfaction, and it is an essential

measure of communication quality, alongside QoS, in current and future cellular

networks [6, 39–41]. Therefore, the main challenge is, how to ensure that all D2D

user’s guarantee QoE, for a range of different applications, in a distributed manner,

as well as how to determine the QoE requirements for multimedia IoT applications.

1.1.1.2 M2M communications

M2M communications is an important component of the emerging IoT system, and

in typical applications MTDs capture telemetry data from sensing an environment

and transmit that data to the BS. These are very different forms of media than

those of cellular IoT. Moreover, M2M communications can be categorised into

two groups, massive M2M communications and URLLC [42, 43]. Massive M2M

communications focuses on increasing battery lifetime, data correlation, scalability,

and data rate [44]. On the other hand, URLLC focuses on mission critical M2M

communications, which focuses on decreasing end-to-end latency and increasing

communication reliability for mission critical M2M applications [42].

Currently, the number of available resource blocks in cellular networks have

been designed to suit the needs of CTDs. Due to the massive number of MTDs, the

number of available resource blocks for each MTD is limited, and as a result, not all

MTDs will be allocated orthogonal resources for transmission to the BS. If MTDs

are unable to send their sensed data to the BS, this may lead to missing information

for a particular environment. Moreover, due to the dense deployment of MTDs,

MTDs within close proximity will gather correlated data due to sensing the same

environment [44,45]. For example, sensors deployed to measure temperature in the

same room, will measure very similar readings, which is highly correlated. Hence,
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multiple MTDs will send a large number of redundant bits (same information) to

the BS.

Recently, the idea of clustering MTDs into smaller groups has emerged as a

promising technique to reduce the traffic load on the cellular BS and improve spatial

reuse and energy efficiency, while reducing interference in the network [18, 26, 46],

and [47]. In M2M communications there are two types of clustering, machine-

centric and data-centric. Machine-centric clustering approaches, cluster MTDs in

order to maximise MTD data rate and the number of supported MTDs, while

minimising energy consumption. Such a machine-centric clustering approach does

not take into account the individual data/information of each MTD. On the other

hand, data-centric clustering approaches can be used to improve the data qual-

ity sent to the BS. Therefore the main challenge is how to design a distributed

correlated-aware clustering approach for a massive number of MTDs.

1.1.1.3 UAVs as Low Flying BSs in mission critical M2M communica-

tions

The use of unmanned aerial vehicles (UAVs) as flying BSs have been used to provide

reliable, cost-effective, and energy-efficient uplink communications for MTDs de-

ployed in areas which experience intermittent or poor covereage, or even no access

to cellular infrastructure [20, 28, 48–51]. In particular, the aerial nature of UAVs,

such as their dynamic mobility, flexibility, and adaptive altitude, enables UAVs to

move towards MTDs to collect their data [27]. In fact, due to the high altitude of

UAVs as flying BSs, this enables them to establish a line-of-sight (LoS) communi-

cation link between MTDs [30, 52]. Thus, this can lead to reduced shadowing and

signal blocking effects, while also establishing a reliable communication link with

lower transmission power needed for sending the sensed data. However, despite the

many advantages of utilising UAVs as flying BSs, there are a number of challenges

that need to be considered that range from optimal three-dimensional deployment

of UAVS to path planning (trajectory optimisation), flight time, dwelling time, and

resource management.

In particular, mission critical M2M communications aim to guarantee ultra re-

liable and low latency communications. There is a range of different approaches to

guarantee URLLC in mission critical applications, such as, short packet transmis-

sions, shorter transmission time interval (TTI), caching, network slicing, or queue



1.2 Thesis Objective 11

latency [42, 53–59]. Hence, for mission critical applications, relaying on average

requirements (such as, average rate or average delay) is no longer adequate [42].

Therefore, the main challenge is, how to ensure UAVs as flying BSs will satisfy

the URLLC constraint for mission critical M2M communications, as well as how

to determine the required number of UAVs to service all MTDs or the appropriate

dwelling time for each UAV, in a distributed and autonomous manner.

1.2 Thesis Objective

The outlined research challenges for multimedia IoT leads to the following hypoth-

esis and key research questions that are answered by this thesis:

In multimedia IoT — in order to obtain optimal reliability, scalability, energy-

efficiency, and quality-of-experience — resource allocation can be performed in a

distributed and autonomous manner. The design of such optimal resource alloca-

tion schemes is the aim of this research.

In this context, we develop novel solutions for distributed decision making pro-

cesses using game theoretic tools. Game theory is a powerful mathematical tool

that models the interactions between users competing for resources in a fully dis-

tributed and autonomous manner enabling us to answer the following in this thesis:

Q1. How can user satisfaction be enhanced in future wireless networks using game

theory?

Q2. What are the effects of prioritising communications while enhancing user sat-

isfaction?

Q3. How can a D2D user determine which transmission mode to operate in, as-

suming full channel state information?

Q4. What is the benefits in using cooperative game theory over non-cooperative

game theory, to determine D2D mode selection?

Q5. How does partial CSI affect D2D users in selecting a transmission mode?
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Q6. Can MTDs be clustered based on data correlation? Does this enable improved

energy-efficiency?

Q7. What are the effects of considering a massive number of MTDs for fully dis-

tributed correlation aware clustering?

Q8. Can UAVs satisfy the ultra reliable low-latency communication constraints as

aerial BSs, in an IoT network?

The key contributions of this thesis are outlined in four main technical chapters

(Chapters 3 - 6). For the remainder of this chapter, we first provide background

information on the key performance metrics and game theoretic approaches. Then,

a detailed overview of the thesis contributions and an outline of the thesis layout.

Chapter 2 provides a comprehensive literature review of the relevant work on multi-

media IoT, which is divided into the three key areas we are investigating, i.e., D2D

communications, M2M communications, and UAVs as low flying BSs. In Chapter

3, we propose a flexible resource allocation scheme for D2D communications, to en-

hance and improve D2D user QoE and reliability while coordinating and reducing

the affects of interference. Then in Chapter 4, we jointly optimise D2D mode se-

lection, resource block allocation, and power control, while investigating the effects

of non-cooperative and cooperative game theoretic approaches for D2D communi-

cations. In particular, we also investigate the effects of D2D mode selection for

complete and partial CSI. Moreover, in Chapter 5, we investigate MTD clustering

based on data correlation for a massive number of MTDs, where the stable cluster

formation is robust to stochastic changes in the M2M environment. In the final

technical chapter (Chapter 6), we investigate an energy-aware scheduling scheme

that guarantees ultra-reliability for MTDs, where UAVs are utilised as low flying

BSs.

1.3 Performance Metrics and Analytical Tools

In this section, we provide background information of the techniques used in this

thesis, which largely makes the thesis self-contained.
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1.3.1 Key Performance Metrics

In the cellular network, fundamental performance metrics such as SINR, achievable

spectral efficiency (channel rate), packet delivery ratio, and an ultra reliability

constraint, are used to evaluate the performance of all users within the cellular

network. In the following, we outline the four key performance metrics that are

employed in this thesis, to analyse the individual user performance, as well as the

network performance.

• Signal-to-Interference-plus-Noise Ratio (SINR): Is defined as a ratio

between the signal power of a user, to noise power plus any interfering signals

in the network. Typically SINR is used to measure the quality of a signal.

Thus, to ensure interference within the network will not degrade any user’s

performance (QoS), we place a threshold on received SINR for all users in

the network, γi ≥ γth, where γi is user i’s SINR.

• Achievable spectral efficiency (channel rate): Indicates the user’s expe-

rience for a particular application, such as for a voice call or content sharing.

In general, the achievable spectral efficiency, r, of a user assumes Gaussian

signalling, and is given by:

r = log2 (1 + γ) . (1.1)

Achievable spectral efficiency and SINR are dependent on one another, where

threshold channel rate rth is a function of threshold SINR γth.

• Packet Delivery Ratio (PDR): Measures the communication success in

terms of the number of packets successfully received at the receiver out of the

toal number of transmitted packets. In particular, PDR assumes a practical

modulation scheme and is defined as a compressed exponential function of

inverse SINR [60], as follows:

pdri = exp

(
−

(
1

γiac

)bc
)
, (1.2)

where ac and bc are constants that depend on packet size, type of modulation,

and coding scheme. For simplicity, the PDR can be reexpressed as a function
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of SINR, as follows:

pdri = exp
(
aγb

i

)
, (1.3)

where a = −(1/ac)
bc , and b = −bc.

To ensure acceptable PDR is achieved for all users we seek to meet or exceed

a target PDR pdrth, such that pdri ≥ pdrth, where target PDR is defined

in terms of threshold SINR γth as, pdrth = exp
(
aγb

th

)
. PDR can also be

used to prioritise communications, by assigning particular users with higher

target PDR than others, which means that higher target PDR entails higher

communication priority and greater reliability.

• Ultra Reliability Constraint: Is a reliability measure for URLLC, where

the notion of risk is leveraged (risk is synonymous with losing urgent mes-

sages), i.e., the ultra reliability constraint aims to minimise the risk of losing

messages. To do this, we use the entropic risk measure ln(E{eδQt})/δ with a

risk sensitivity parameter δ > 0 as our reliability metric, where Qt is the max-

imum queue length at time slot t (i.e., the worst-case queuing delay) [42]. By

imposing a finite threshold κ on the the entropic risk measure, the network

will be ultra reliable, if the following requirement is met:

lim sup
t→∞

ln(E{eδQt})

δ
≤ κ. (1.4)

Hence, the ultra reliability constraint, ensures that the risk of the maximum

queue length is finite and does not approach infinity, which in turn will reduce

delay.

1.3.2 Game Theory

In this section, we review game theoretic approaches employed in this thesis. This

thesis deals with both static deterministic games (i.e., non-cooperative power con-

trol game, Stackelberg game, matching game, and coalitional game) and dynamic

games (i.e., evolutionary game), with imperfect and complete information. Game

theory was developed by John Neuman and Oskar Morgenstern in 1944 [61]. Then,

John Nash developed an important solution concept in game theory, which is called

the Nash Equilibrium. Game theory has been widely used in many different fields,

ranging from economics to biology, and wireless communications.



1.3 Performance Metrics and Analytical Tools 15

Game theory is a decision making process and models the interactions between

users competing for resources in a fully distributed manner. It is a powerful math-

ematical tool which is useful for solving the aforementioned research questions,

rather than using other classical optimisation techniques. In general, most classi-

cal optimisation techniques provide centralized solutions, where often a centralized

solution can be NP-hard and complex, due to the combinatorial nature of such

problems [62]. By contrast, game theory has a distributed decision making nature,

that can enable faster and realistic convergence to feasible solutions. In order to de-

termine the efficiency of a game compared to the classical optimization approaches,

price of anarchy can be used to measure the selfishness of the users in a game [61].

Within any type of game there are three main elements: a set of players; a

set of actions (strategy set); and payoffs (payoffs can also be known as utility

functions). The set of players are assumed to be rational, where each player selects

an action from the set strategy set. In this thesis, since we have considered games

with imperfect and complete information, which means that all players will select

an action simultaneously (i.e., at the same time), but will also know the action

set and payoffs of all players [63, 64]. Furthermore, since players are rational,

this means that they aim to maximise their payoff [61, 63, 65, 66]. In particular,

a utility function measures the performance of a player, and is a function of the

player’s selected action. Hence, during a game, the players can dynamically update

their selected action, in order to achieve a better payoff. Note that, in the static

deterministic games, the dynamics of a repeated game are analysed, i.e., the best

response, which is different to determining the equilibrium of a dynamic game.

Games can be classified into two types: non-cooperative or cooperative. In

non-cooperative game theory, no communication exists between players, where

each player is selfish and chooses its action independently to improve its own

payoff [61, 65, 67]. On the other hand, in cooperative game theory, players co-

operate with each other and form groups known as coalitions. Within each coali-

tion, players cooperate and share information, in order to maximise the coalition

value [61,65,67]. Moreover, a game can be static or repeated, where a static game

is a single-shot game which means that there is only one iteration, and players

will only have one move/interaction. Whereas, a repeated game will have many

iterations, and the players will interact more than once. During each iteration, the

strategy set in a game can be either pure or mixed. In the case of pure strategies,
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players will select one action per iteration and play it [63, 66, 68]. However, in

the case of mixed strategies, each player will assign a set of probabilities for each

strategy in the strategy set [63, 66, 68].

Non-cooperative Power Control Game

A non-cooperative power control game is a popular tool in wireless communica-

tions for addressing the interference management problem. The aim of this game is

to minimise transmit power for all users in the network, which also reduces interfer-

ence, and increases power efficiency and user battery lifetime. A non-cooperative

power control game is defined as GNPC = [N ,A, ui(·)]. In this game, N is the set

of players, A is the finite set of strategies for all players, and ui(·) is the utility

function for player i that best describes the player’s performance. The set of play-

ers in the power control game is the set users in the wireless network, and transmit

power is the action set which is bounded by a minimum and maximum transmit

power. The players have imperfect information, which means that all players select

their action simultaneously. The non-cooperative power control game maximises

each player’s utility function, with respect to all other players in the game, in order

to solve for optimal transmit power.

In a non-cooperative game, there are two important solution concepts which

are used to analyse the performance of a game, which are: Nash Equilibrium and

Pareto optimality [63]. The Nash equilibrium is a stable point in the game, where

no player will have incentive to unilaterally change their strategy without reducing

their payoff [61, 66, 68]. In this thesis, we have considered the concept of Nash

Equilibrium, as it provides strong assurance for the best response across all players

in the game. Moreover, the Nash Equilibrium for GNPC, is defined as:

Definition 1.1 The strategy profile A∗ = {a1, a2, . . . , aN}, is a Nash Equilibrium

for each stage in the game, if for every player i ∈ N , there exists:

ui(a
∗
i ,a

∗
−i) ≥ ui(ai,a

∗
−i), ∀ai ∈ Ai. (1.5)

Moreover, a strategy profile A is said to be Pareto optimal, if an outcome of player

i ∈ N cannot be made better off, without making any other player’s outcome worse

off. Thus, Pareto optimality is defined as:

Definition 1.2 Strategy profile A is Pareto optimal if ∀i ∈ N , ui(A) ≥ ui(A
′),
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and there exists some j ∈ N for which uj(A) ≥ uj(A
′), where A′ is another strategy

profile and A′ 6= A.

Stackelberg Game

A Stackelberg game consists of a hierarchical structure with a leader and fol-

lower. In fact, Stackelberg games can be made up of either multiple individual

leader-follower pairs, or a single leader with multiple followers (or vice versa). In

a Stackelberg game, the leader moves first, by setting a price that is charged to

the follower/s. Next, the follower/s move, and react to the charged price by up-

dating their strategy to maximise their individual utility. In the case where there

are multiple followers, the followers compete with each other for resources. Thus,

depending on how the follower/s react to the charges price, this will, in turn, affect

the leader’s strategy. Furthermore, a Stackelberg game considers one utility func-

tion assigned to the leader/s, which may or may not be different to the one utility

function assigned to the follower/s.

Meanwhile, a Stackelberg game can be classed as a bi-level multi-objective

optimisation problem (MOP), which are a subset of multi-level MOPs. Multi-level

(and bi-level) MOPs consist of a leader level and multiple follower levels, where

several objective (utility) functions are available to followers [69, 70]. To solve a

multi-level MOP, typically scalarisation is used, which combines all the separate

objective functions at each follower level into one objective (utility) function with

multiple objectives. Thus, the problem now considers only one utility function for

the leader and one utility function for the followers. Consider the bi-level MOP

example from [69, Example 2]. This scalarisation approach can be generalized

further by considering multi-level Stackelberg , where each level consists of multiple,

different, utility functions, and using the approach in [69] or [70], the multiple,

different, utility functions can be reduced to one utility at each follower level.

In Stackelberg game theory, the Stackelberg equilibrium is a popular solution

concept, which is a stable point in the game where the leader/s and follower/s have

no incentive to increase their payoffs without changing their strategy unilaterally,

given all other player’s strategies. The Stackelberg equilibrium is a hierarchal

equilibrium, which means that, once the leader achieves a Nash equilibrium, the

followers will then achieve a Nash Equilibrium thereafter.

Evolutionary Game
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Evolutionary game theory extends from the traditional non-cooperative game,

by considering a population as a set of players which can be either finite or infinite.

Hence, evolutionary game theory was developed by biologists, to model and predict

the interactions between different specie populations over time and in the presence

of conflicting or cooperative objectives [61,71]. An evolutionary game is defined as

GE = [N ,A,x, u(·)]. In this game, N is the population of players that is assumed

to be large, A is the finite set of strategies for all players (pure strategy set), x is

the population state, and u(·) is the utility function. The population state vector

x ∈ R
N , where

∑
i∈A xi = 1, captures the percentage of the population choosing

strategy type i ∈ A. Each element xi of x represents the average percentage of the

population selecting strategy i. Moreover, in an evolutionary game, the evolution-

ary process is characterized by replicator dynamics. Replicator dynamics is used to

model the evolution of a population selecting a particular strategy type. Depend-

ing on the problem that is being modeled, there are a range of replicator dynamics

that can be used to capture the evolution of the population considered, such as

imitative dynamics [61]. Over time, the population will update heir reference in x

and will become more certain about what strategy type they would prefer [71]. For

instance, in continuous time replicator dynamics, the rate of the population select

strategy type i is proportional to the difference between the fitness of strategy type

i and the average expected fitness of the population [61]. The fitness of a strategy

type is defined as the average payoff (utility) of that type, and is a function of

the population state x. A popular replicator dynamics to model the evolution of

strategy type i, is given by:

dxi(t)

dt
= ẋi(t), (1.6)

ẋi(t) = xi(t) (ui(x, t) − U(x, t)) , (1.7)

where ui(x, t) is the fitness of strategy type i, and U(x, t) is the average expected

fitness of the population. The fitness of strategy type i, is defined as:

ui(x, t) =
∑

j∈A

ui,j(t)xj(t), (1.8)

where ui,j(t) = ui(t) if ui ≥ uj, or ui,j(t) = uj(t) if uj > ui; and xj(t) is the

population state of strategy type j ∈ A. Furthermore, the average expected fitness
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of the population, is given by:

U(x, t) =
∑

i∈A

ui(x, t)xi(t). (1.9)

In evolutionary game theory, another important solution concept is an evolu-

tionary stable strategy (ESS). The ESS is a stable state in the evolutionary game,

which is robust to a small portion of the population changing their strategy type

(i.e., mutation) [61,71]. In the context of biology, a mutation would occur if there

was an invasion in the population. Moreover, the concept of ESS is stronger than

the Nash equilibrium and is more robust.

Coalitional Game

Coalitional game theory, enables players to self-organise into cooperative groups

(coalitions), in a fully distributed and autonomous manner [67]. A coalitional game

is defined as GC = [N , v,F ]. In this game, N is the finite set of players, v is the

coalition value, and F is the set of coalitions (or the coalition structure). The set

of coalitions F can be either a disjoint set or overlapping. In this thesis, we will

focus on disjoint coalitions, where a coalition Fj ∈ F is defined as a subset of N ,

such that
⋃

Fj∈F
Fj = N , where ∀Fj,Fj′ ∈ F is Fj 6= Fj′ then Fj ∩ Fj′ = ∅.

Coalitional games can either have a transferable utility function of non-transferable

utility function. For transferable utility games, the coalition value v is a real num-

ber, defined by, v : 2N → R, which is divided among all players within the coali-

tion [67]. The division of the coalition value depends on the problem that is being

solved. For instance, if all players in a coalition contribute equally, then the coali-

tion value can be equally shared amongst everyone. Whereas, if some players in the

coalition contributed more, then they may receive a higher share of the coalition

value compared to the rest of the players in the coalition. For non-transferable util-

ity games, the coalition value v is a set of vectors capturing the individual player

utilities within the coalition [67]. Thus, each player will have a utility function

which is dependant on the actions of all other players in the coalition. The coali-

tion value v(Fj) is given by, v(Fj) = {u(Fj) ∈ R
|Fj ||ui(Fj), ∀i ∈ Fj}, where u(Fj)

is a nonempty vector of space R
|Fj |, and ui(Fj) is the utility of user i in coalition

Fj and is an element of u(Fj).

In a coalitional game, players can either leave a coalition and join (form) a
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new coalition, or stay in their current coalition. In order for a player to make

such a decision, each player generates a preference-order over all coalitions. A

preference-order is an ordered list of coalition preferences that each player prefers

being a member of, a concept presented in [67]. A preference-order is a defined

as a complete, reflexive and transitive binary relation over the set {Fj ⊆ N : i ∈

Fj} [72]. Preference-order is denoted by ≻i, for any player i ∈ N . Hence, for

player i ∈ N to determine which coalition they prefer being a member of, they

must calculate their utility in both coalition, as follows:

Fj ≻i F
′
j ⇔ ui(Fj) > ui(Fj′), (1.10)

where Fj,Fj′ ∈ F . Equation (1.10) states that player i, strictly prefers being a

member of coalition Fj over Fj′ , as player i obtains a better utility function (payoff)

in coalition Fj.

Nash stability is an important solution concept in coalitional game theory, which

is an efficiency measure for coalitional games and is different to that of Nash Equi-

librium, which is a best response condition for non-cooperative games. Thus, Nash

stability is the strongest notion of stability for coalition partition, which ensures

that no player has incentive to change to change their coalition formation [72,73].

Matching Game

Matching games models the interactions between two disjoint sets of players. It

is a powerful mathematical tool that is decentralized [74]. In fact, a matching game

can model a one-to-one matching, a one-to-many matching, and a many-to-many

matching. In the one-to-one matching game, one player from one set is matching

to one player in the other set. On the other hand, in the one-to-many matching

game, one player from one set is matched with a subset of players from the other

set. In particular, matching games for wireless communications enables interactions

between heterogenous devices, i.e., interactions between different devices in the

network, such as CTDs and MTDs [75].

A matching game is defined as GM = [N ,K,≻n,≻k]. In this game, N and K

are disjoint sets of players, where each set of players are selfish and rational. ≻ is

denoted as a preference relation, which is similar to the preference order defined

in coalitional games, i.e., players from each set will have ranked preferences over

players in the other set, and vice versa. Hence, in matching theory, there are many
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other types of games, i.e., matching with transfer or matching with externalities.

In general, two-sided matching games have relied on the deferred acceptance

algorithm. The deferred acceptance algorithm is an iterative process, where players

in one set make proposals to the players in the other set. Players in this game, will

make their matching decision based on their individual preferences and maximising

their utility/payoff. Moreover, the deferred acceptance algorithm is guaranteed to

converge to a stable matching [75].

1.4 Thesis Contributions and Organisation

The main focus of this thesis is on distributed resource allocation in multimedia

IoT, and using game theory to develop novel solutions for decision making processes

required to address the key challenges and area of multimedia IoT. In particular,

the three key enabling technologies of multimedia IoT that we will consider are:

D2D communications; M2M communications; and enabling UAVs as low flying

BSs. The main body of the thesis consists of four technical chapters, as outlined

in Fig. 1.5. The first two technical chapters of this thesis investigates interference

management, resource allocation, and end-user satisfaction challenges that arise in

D2D communications. The last two technical chapters of this thesis investigates

the challenges relating to M2M communications, i.e., data correlation for a massive

number of MTDs, and enabling UAVs as low flying BSs in mission critical IoT

communications.

A detailed summary of the major contributions of this thesis are as follows:

Chapter 3 - Flexible D2D Application-Driven Resource Allocation

In Chapter 3, we address the fundamental problem of flexibility for application-

driven distributed resource allocation, to provide significantly improved D2D user

QoE in cellular networks for underlaid D2D communications. In particular, we for-

mulate this problem as a multiple objective Stackelberg game, in order to optimise

throughput, energy consumption, and efficient resource block allocation across all

users in the network, while providing greater reliability and user satisfaction guar-

antees.

The main contributions of this chapter are:

• A flexible resource allocation scheme for D2D communications using a Stack-
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Figure 1.5: The thesis outline.

elberg game is proposed. We consider a single leader and multiple followers,

where the BS is the leader and the D2D pairs are the followers. The BS

charges the D2D pairs a fee for network (BS) satisfaction/certainty with re-

spect to all users (both cellular and D2D) in the network, and a fee for reusing

a given cellular user’s resource block, to coordinate and reduce the intra-cell

interference. Whereas, the D2D pairs react to the leader’s charging price,

and compete to find optimal transmit power and resource block allocation,

while guaranteeing QoS and QoE.

• To enhance D2D user QoE and provide greater flexibility, D2D users are

categorised into one of three application classes, based on their practical ap-

plication or service: (i) casual class ; (ii) interactive class ; and (iii) streaming

class. Each class formulates a criterion set and is mapped to a different utility

function. Hence, we propose a crucial innovation, where the several, different,

utility functions available to followers, are solved using a non-scalarised solu-

tion, as a scalarised approach, to this multi-criteria optimisation problem, is

generally infeasible in real-time D2D cellular communications.
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• We demonstrate beneficial effects of prioritising communications, along with

the implicit prioritisation from different utility functions, by setting different

PDR targets.

• A distributed algorithm based on a dynamic Stackelberg game with multi-

criteria decision making is proposed. The proposed algorithm is shown to

converge to a unique Stackelberg equilibrium across all users, which is a

sub-game perfect equilibrium for each game stage. Moreover, simulation

results show that the proposed approach reduces transmit power effectively

and increases throughput, while also guaranteeing best social welfare and

satisfaction across all D2D users.

The results in this chapter have been presented in [76], which is listed again for

ease of reference:

[76] N. Sawyer, and D. B. Smith, “Flexible Resource Allocation in Device-to-

Device Communications using Stackelberg Game Theory,” IEEE Trans. on Com-

munications, vol. 67, no. 1, pp. 653–667, Jan. 2019.

Chapter 4 - D2D Mode Selection and Resource Allocation in D2D Net-

works

In Chapter 4, we jointly optimise mode selection, resource allocation, and inter-

ference management for D2D communications, in a distributed manner. We inves-

tigate a non-cooperative game and a coalitional game to solve the network-assisted

joint optimisation problem. In the non-cooperative game, the BS will assist D2D

pairs in selecting a transmission mode (i.e., either cellular mode or reuse mode),

while also allocating resources to cellular and D2D users. However, in the coali-

tional game, we extend the mode selection to consider all three transmission modes

(i.e., either cellular mode, dedicated more, or reuse mode). Network-assisted D2D

communications requires global network information, and can cause signalling over-

head and network complexity to increase due to the large number of users in the

network. Thus, we also investigate user-assisted D2D communications as a viable

solution, in which the BS has partial knowledge of the network and partial CSI.

Thus, the D2D pairs must determine their transmission mode without the assis-

tance of the BS. Hence, we extend the coalitional game to consider the user-assisted

approach.

The main contributions of this chapter are:
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• We propose a non-cooperative cross-layer repeated game, which combines

a non-cooperative power control game and a two-armed bandit game, for

network-assisted D2D communications. The non-cooperative power control

game aims to minimise transmit power for each user, which leads to a re-

duction in the intra-cell interference. Whereas, the two-armed bandit games

aims to select the best transmission mode for D2D pairs.

• A distributed algorithm based on the non-cooperative cross-layer repeated

game is proposed. The proposed non-cooperative algorithm is shown to con-

verge to a unique Nash equilibrium, that is Parteo-optimal.

• On the other hand, we proposed a distributed cross-layer coalitional (CLC)

game-theoretic approach, to cluster D2D pairs based on resource block alloca-

tion and D2D mode selection, in a fully distributed and autonomous manner.

This approach provides insight into practical scenarios when considering all

possible D2D transmission modes.

• To further reduce interference in the network, the proposed CLC game-

theoretic approach incorporates scheduling D2D pairs reusing cellular user

resources along with power control. That is, we aim to find an optimal num-

ber of D2D pairs that can reuse a cellular user resource block at a given time

while ensuring user performance.

• Furthermore, we investigate the impacts of network-assisted and user assisted

D2D communications, when clustering D2D pairs. The network-assisted

and user-assisted scenarios are analysed in terms of minimising transmission

power, user throughput, and spectral efficiency.

• A fully distributed clustering algorithm based on the CLC game is proposed

to find a stable cluster formation of D2D pairs. The proposed clustering al-

gorithm converges to a Nash stable coalition partition that is socially efficient

and has a non-empty core.

• Extensive simulation results validate the effectiveness of the proposed non-

cooperative cross-layer repeated game and the proposed CLC game. The

performance of the proposed non-cooperative and coalitional games are com-

pared in terms of total transmission power consumption in the network and

total network throughput.



1.4 Thesis Contributions and Organisation 25

The results in this chapter have been presented in [77, 78] and [79], which are

listed again for ease of reference:

[77] N. Sawyer, and D. B. Smith, “Pareto-Efficient Cross-Layer Repeated Game

for Device-to-Device (D2D) Communications,” in Proc. IEEE Int. Conf. on Com-

munications (ICC), Kuala Lumpur, Malaysia, pp. 1–6, May 2017.

[78] N. Sawyer, and D. B. Smith, “A Nash Stable Cross-Layer Coalition Forma-

tion Game for Device-to-Device Communications,” in Proc. IEEE Int. Conf. on

Communications (ICC), Paris, France, pp. 1-6, May 2017.

[79] N. Sawyer, and D. B. Smith, “A Nash Stable Cross-Layer Coalitional Game

for Resource Utilization in Device-to-Device Communications,” IEEE Trans. on

Vehicular Technology, vol. 67, no. 9, pp. 8608–8622, Sept. 2018.

Chapter 5 - Correlation-Aware Clustering in M2M Networks

Chapter 5 focuses on the self-organising, correlation-aware clustering for a dense

network of MTDs deployed over a cellular network. In dense M2M networks, MTDs

are typically located within close proximity and will gather correlated data, and,

thus, clustering MTDs based on data correlation will lead to a decrease in the num-

ber of redundant bits transmitted to the base station. We formulate the correlation-

aware clustering problem for a massive number of MTDs, as an evolutionary game.

The main contributions of this chapter are:

• We propose a novel distributed correlation-aware clustering scheme for a mas-

sive number of MTDs. The proposed correlation-aware clustering scheme is

formulated using an evolutionary game, in which MTDs are clustered based

on data correlation, in order to decrease MTD transmission power by reduc-

ing the number of redundant bits. We investigate the impact on MTD cluster

formation, for different MTD densities, MTD data correlation, and the worst

case inter-cluster interference.

• To define the utility function for the proposed evolutionary game, we first

derive a closed-form upper bound expression for inter-cluster interference.

Then, based on this interference analysis, we introduce a novel utility func-

tion that captures the average MTD transmission power per cluster, while

mitigating the preference between larger or smaller cluster size according to

the cost of signalling overhead.
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• We introduce a new distributed algorithm based on an evolutionary game to

find the stable cluster formation specifically for a massive number of MTDs.

The robustness of the proposed distributed algorithm is analysed in terms of

the maximum number of MTDs that can change their cluster formation. We

derive the maximum portion of MTDs that can deviate from the ESS, while

still maintaining a stable cluster formation.

• The accuracy of the stochastic geometry analysis as well as the effectiveness

of the game-theoretic approach are corroborated by extensive simulations. In

particular, simulation results show that, as the network density and data cor-

relation increase, the proposed distributed algorithm determines the number

of MTDs within each cluster, based on network density and cluster radius.

Moreover, the simulation results verify the tradeoff between cluster size and

transmission power per MTD per cluster, given the network density and cor-

relation constant.

The results in this chapter have been presented in [80] and [81], which are listed

again for ease of reference:

[80] N. Sawyer, M. Naderi Soorki, W. Saad, and D. B. Smith, “Evolutionary

Coalitional Game for Correlation-Aware Clustering in Machine-to-Machine Com-

munications,” in Proc. Global Communications Conf. (GLOBECOM), Singapore,

pp. 1-6, Dec. 2017.

[81] N. Sawyer, M. Naderi Soorki, W. Saad, D. B. Smith, and N. Ding, “Evolu-

tionary Games for Correlation-Aware Clustering in Massive Machine-to-Machine

Networks,” IEEE Trans. on Communications, May 2019.

Chapter 6 - Utilising UAVs in Mission Critical M2M Communications

Chapter 6 focuses on a novel framework that addresses energy-aware scheduling

for mission critical M2M communications, utilising UAVs as flying BSs. In par-

ticular, we consider a multimedia IoT network in which MTDs are clustered and

aggregators are employed as cluster heads to collect the sensed data from MTDs.

In the considered IoT network, UAVs must optimise their schedule in order to

collect the data from each aggregator in a distributed manner, without requiring

a-priori knowledge of the probabilities associated with the event-driven arrival re-

quests from MTDs. Hence, we formulate the ultra reliable energy-aware scheduling

problem by combining both Lyapunov optimisation and matching theory.
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The main contributions of this chapter are:

• The use of Lyapunov optimisation is appropriate as it does not require a-

priori knowledge of the event-driven traffic of MTDs. Using the Lyapunov

optimisation technique, the problem is transformed into a linear weighted

function, which ensures the maximum queue length and the queue length

variance across all aggregators in the network are bounded.

• Based on the Lyapunov optimisation of our problem, matching theory is

used to formulate and model the energy-aware scheduling problem as a one-

to-many matching game. In the formulated game, each UAV will determine a

subset of aggregators that it will serve and sufficient dwelling time in order to

satisfy the URLLC constraint, whereas, the aggregators will minimise their

energy consumption when transmitting their data to a UAV.

• A fully distributed algorithm based on a one-to-many matching is proposed

to find the two-sided stable matching. Simulation results show that, the max-

imum queue length mean and variance, across all aggregators, are bounded

by finite threshold values, which satisfy the URLLC constraints for mission

critical M2M communications. The results show that, as the transmission

probability of packet arrival and maximum queue length thresholds increase,

the minimum number of required UAVs to service cluster heads (aggregators)

in the network decreases. Moreover, a trade-off is observed between reduc-

ing aggregator transmission power and increasing network throughput, when

varying the tunable parameter from the Lyapunov optimisation.

The results in this chapter have been presented in [82], which is listed again for

ease of reference:

[82] N. Sawyer, M. Naderi Soorki, W. Saad, N. Ding, D. B. Smith, M. H. Man-

shaei, and M. Mozaffari, “Energy-Aware Scheduling for Ultra-Reliable Internet of

Things Communications using Unmanned Aerial Vehicles,” (under preparation to

be submitted to IEEE Internet of Things Journal).

Finally, Chapter 7 draws conclusions from this thesis and provides suggestions for

future research directions arising from the work presented in the technical chapters

(Chapters 3-6).





Chapter 2

Literature Review

In this chapter, we review the relevant literature covering the three key areas of mul-

timedia IoT addressed in this thesis. Thus, we first review existing work on resource

management and end-user satisfaction in underlaid D2D communications. Then,

we discuss relevant work on data correlation and machine-type device (MTD) clus-

tering in M2M networks, and finally, we analyse existing work on ultra-reliability

low latency communications (URLLC) in M2M communications, in the context of

UAVs being utilised as low flying BSs to service MTDs. Moreover, in each section

of this chapter, we outline the limitations of existing work and state our thesis

contribution for each particular area.

2.1 Resource Management and End-User Satis-

faction in D2D Communications

The introduction of D2D communications in current and future cellular networks,

enables users who are within close proximity to communicate directly with one

another. D2D mode selection enables D2D users to determine which transmission

mode to operate in, that is, D2D pairs need to determine when they should trans-

mit directly or when they should transmit via the cellular link. Determining the

best transmission mode for a particular D2D pair, is an important decision, which

will ensure D2D pairs operate more efficiently, and thus, increase system capacity,

spectral efficiency, and network efficiency [83]. The three transmission modes are:

cellular mode, dedicated mode, and reuse mode. For D2D pairs in cellular mode

or dedicated mode, the fundamental research challenge that has been investigated

is resource allocation. On the other hand, for D2D pairs in reuse mode which

shares/reuses cellular spectrum, the fundamental research challenge is resource al-

29
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location and interference management. Hence, there is a need to adopt distributed

mode selection, resource allocation and interference management schemes, in order

to coordinate and reduce the intra-cell interference between users in the network,

while also ensuring D2D users operate more efficiently, guaranteeing end-user sat-

isfaction, and are allocated resource blocks fairly.

2.1.1 D2D Transmission Mode Selection

For D2D pairs to determine a suitable transmission mode to operate in, they base

their decision on two factors, i.e., the measured performance gain they will receive

and information about the network. Typically, the BS will assist D2D users in

determining a particular transmission mode to operate in, which is referred to as

network-assisted D2D communications [16]. Thus, the BS will help D2D users by

providing additional network information, as well as coordinating the D2D pairs

and cellular users within the network to reduce severe intra-cell interference. The

type of network information that the BS will provide to the D2D users will include,

the physical distance between the D2D pair transmitter and receiver, and the

complete CSI, as well as the interference that will be received. Moreover, mode

selection can also be based on the D2D pair’s performance, i.e., the D2D pair will

prefer to operate in a particular transmission mode if its throughput is increased

or its energy consumption is reduced.

Within literature, there is a wide range of existing D2D mode selection tech-

niques, such as in [16, 33, 84–88] and [89]. Distance dependant mode selection is

one of the simplest mode selection approaches, where the distance between the

D2D pair transmitter and receiver must be within a threshold distance to transmit

directly to each other, otherwise the D2D pair will operate like traditional cellular

users. The work in [84] proposes a mode selection approach based on a threshold

distance in order to minimise transmission power. The proposed mode selection

approach in [84], found that the distance threshold was inversely proportional to

the BSs density, as well as being strictly increasing with the path loss exponent.

Meanwhile, the work in [86] considers three factors for mode selection which are,

the distance between the D2D pair transmitter and receiver, link quality, and a

bias factor. Thus, the proposed approach in [86] enables D2D pairs to only trans-

mit directly between one another if their channel link quality is at least the same

quality as the cellular user uplink. On the other hand, in [88] a mode selection
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technique based on D2D and cellular link quality, and interference was proposed.

In particular, the interference considered in the mode selection approach in [88]

also factors in the intra-cell and inter-cell interference. In contrast, the work in [89]

considers a mode selection approach based on optimising the sum rate of D2D

communications, and takes into account the cellular, dedicated, and reuse modes.

As outlined in Section 1.3.2, game theory is a powerful mathematical tool that

enables decision making and models the interactions between users. Game theoretic

techniques have been considered for dynamic mode selection, such as in [77,90–95],

and [96], to model the interactions between D2D pairs wishing to change their

transmission mode. In the aforementioned works, the mode selection problem has

been formation using a two-armed bandit game, a coalitional game, or an evolu-

tionary game. The work in [90] proposed a two-armed Levy bandit game for D2D

mode selection, where mode selection is based on maximising an expected reward,

which is a function of the strategy the D2D pair chooses and its utility. On the

other hand, the work in [93] proposes a coalitional game for energy-efficient mode

selection, where D2D pairs in the same transmission mode can cooperate and share

information. Thus, in [93], the energy-efficient mode selection approach focuses on

minimising transmission power while guaranteeing rate requirements. Meanwhile,

the work in [96] proposed an evolutionary game for D2D mode selection, where

replicator dynamics are used to model the preferences of D2D pair’s transmission

mode based on the utility function. Therefore, game theoretic approaches enable

D2D pairs to dynamically change their transmission mode, only if their payoff is

increased.

In fact, existing works, such as in [91–95, 97–99] consider a distributed mode

selection scheme, however, D2D pairs have only been considered to operate in either

reuse mode or cellular mode. In addition, these works only consider one D2D pair

to reuse only one or more cellular user’s resource block. However, in practice, these

approaches are not ideal, as spectral efficiency and network performance cannot be

maximised due to limiting the number of D2D pairs reusing cellular user resources.

A limited number of works, such as [36, 93], and [100] have considered D2D pairs

operating in either reuse mode, cellular mode, or dedicated mode. In particular,

when considering dedicated mode, coordination is required between D2D pairs and

the BS, as the BS needs to assess if there are any free resource blocks available to

be allocated to D2D pairs [36]. This coordination can cause signalling overhead to
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increase, however, D2D pairs operating in dedicated mode will have ultra-reliable

communications, which, in turn, will improve overall network performance and

throughput.

In most of the works described thus far implement network-assisted D2D com-

munications, where the BS assists D2D users in determining which transmission

mode to operate in. Thus, in network-assisted D2D communications, it is assumed

that the BS must have global knowledge of the network, such as, complete CSI and

the location of all users [16,31–33]. In order for the BS to acquire global knowledge

of the network, this will cause signalling overhead and network complexity to sig-

nificantly increase, especially with the increasing number of users in the network.

Furthermore, in practical scenarios, network-assisted D2D communications is not

ideal, as complete CSI cannot always be achieved for all users all the time.

Hence, as the network begins to evolve towards multimedia IoT, users will start

to become more self-sufficient and intelligent. Thus, the BS won’t need to provide

information to users all the time, i.e., the BS will not be required to have full

knowledge of the network. The work in [36] considers a D2D cognitive communi-

cation system with assistance-free D2D mode selection, i.e., assuming partial CSI,

that analyses the network performance and and the impact of direct transmission

between D2D users on the cellular network. Whereas [100] jointly considers mode

selection, user scheduling, and rate adaptation, with partial CSI, to ensure user

fairness and reduced interference in the network. Even though some of the pro-

posed works, such as, [36,101], and [100], consider limited/partial CSI, they do not

jointly consider mode selection, resource allocation, and interference management

for D2D communications in a distributed and autonomous manner.

2.1.2 Interference Management and Resource Allocation

Once the transmission mode is determined for a D2D pair, interference management

and resource allocation need to be addressed, in order to guarantee each user’s QoS

within the network. D2D pairs in reuse mode will cause harmful interference to

both cellular and D2D users, due to reusing a cellular user’s uplink resource block/s.

Thus, D2D pairs in reuse mode need to be allocated a suitable cellular user’s uplink

resource block/s in order to reduce the impact of the intra-cell interference. One

approach to do this, is to enable a D2D pair in reuse mode to reuse a cellular user’s

resource block who is located far away within the network. Thus the interference
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the cellular user will receive will be reduced (not mitigated). On the other hand,

D2D pairs in cellular mode or dedicated mode, will not cause interference in the

network, however will need to be allocated orthogonal resource blocks. Within

literature many works have been proposed to address the resource allocation and

interference management problem in underlaid D2D communications, as in [34,35,

65, 77, 83, 86, 87, 89, 91–99,101–107]. Hence, addressing the resource allocation and

interference management problem, will lead to reduced intra-cell interference, and

increased spectral efficiency and energy efficiency.

In [87], a joint mode selection and resource allocation scheme was proposed, that

optimises the tradeoff between maximising sum rate and increasing the number of

supported D2D users in the network. The work in [35] investigated the problem

of energy efficient resource allocation in D2D communications, while taking into

account transmission power and QoS constraints, as well as mutual preferences

of cellular and D2D users. In [102], a cognitive D2D communication system was

considered, in order to improve resource allocation and spectral efficiency. Addi-

tionally, the work in [103] considers an energy efficient power allocation scheme

for clustered D2D pairs, to reduce interference between users, minimise energy

consumption, and maximise sum rate.

2.1.2.1 Game Theoretical Approaches

Game theory has been widely used to address resource allocation and interference

management in wireless communications, as in [34,35,65,77,83,89,91–99,101,104,

107–121]. Recall, from Section 1.3.2, game theory is a decision making process and

models the interactions between users competing for resources in a fully distributed

and autonomous manner. A number of works have considered non-cooperative

power control games, as in [83], [113] and [114], auction-based games, as in [34], or

Stackelberg games, as in [97, 104, 108–112, 115–119], and [120], to maximise data

rate and reduce intra-cell interference in the network. In particular, power control

game theory is a popular approach, which is used to minimise transmission power

of users in the network, which in turn, leads to a reduction in intra-cell interference.

In [77], a non-cooperative mode selection and power control game was proposed,

to reduce intra-cell interference, increase communication reliability, and assist D2D

pairs selecting optimal transmission mode. On the other hand, in [34], the authors

proposed a joint channel and power allocation iterative combinatorial auction game,
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that optimises the tradeoff between transmission rate and battery lifetime for each

user.

Modelling the resource allocation and interference management problem in D2D

communications as a Stackelberg game, allows the base station (BS), cellular users,

and D2D pairs to coordinate the intra-cell interference within the network, as

in [97, 104,108–112,115–120]. A number of works such as in [109], [110], and [111]

have considered distributed power control using a Stackelberg game framework.

The goal of these works is to reduce the interference in the network and solve for

optimal transmission power. The work in [104] and [97], aims to coordinate and effi-

ciently manage the intra-cell interference using Stackelberg game theory, such that

network throughput is maximised while guaranteeing cellular user performance.

Additionally, the work in [117] jointly considers a heuristic channel assignment

based on the adaptive interference restricted region, and distributed power control

scheme using a Stackelberg game. On the other hand, the work in [119] proposes

a distributed resource allocation Stackelberg game, where the D2D pairs (follow-

ers) jointly learn the resource and power allocation using an uncoupled stochastic

learning algorithm, while coordinating the interference in the network. In [118], a

distributed power control and interference management scheme is proposed, where

novel uniform and differentiated interference pricing is proposed in the Stackel-

berg game. Furthermore, the work in [120] proposes a discount interference pricing

scheme for D2D pairs deciding to cooperate with nearby cellular users. Meanwhile,

the work in [116] considers cluster-oriented D2D communications, where power al-

location is formulated as a Stackelberg game, and bandwidth allocation and link

selection are then jointly considered, in order to increase network data rate.

Moreover, a Stackelberg game can be classed as a bi-level multi-objective op-

timisation problem (MOP), which are a subset of multi-level MOPs. Multi-level

(and bi-level) MOPs consist of a leader level and multiple follower levels, where

several objective (utility) functions are available to followers [69, 70]. Up-till now

scalarisation has generally been used to solve the multi-level MOP by combining all

the separate objective functions into one objective (utility) function with multiple

objectives, at each follower level. The work in [69] investigates a multi-level MOP

with multiple followers, where several objective functions available to followers

are combined into one function by linear scalarisation and nonlinear scalarisation.

However, the linear or nonlinear scalarisation approach in a MOP, puts a restric-
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tion on the amount of diversity in design of multiple objective functions. There-

fore, each objective function cannot be chosen arbitrarily, if scalarisation is used.

On the other hand, a limited number of works have considered non-scalarisation

methods to solve the multi-level MOP, with several, different, objective functions

available to followers. The work in [122] investigates a non-scalarisation method to

solve a multi-level multi-objective decision making problem with multiple followers.

However, the non-scalarisation method considered in [122], does not allow follow-

ers with similar objectives to optimise their objective functions competitively and

non-cooperatively. Thus, the non-scalarisation approach represents a more practi-

cal and tractable scenario for D2D communications.

In particular, existing work on current Stackelberg games for D2D commu-

nications [97, 104, 108–112, 115–120] consider one utility function assigned to the

leader/s, which may or may not be different to the one utility function assigned to

the follower/s. Thus, such Stackelberg games for D2D communications have been

fundamentally constrained, due to only limiting followers to optimising one par-

ticular utility function across all D2D users, which does not necessarily guarantee

all D2D users’ QoE. If this constraint was removed, as in multi-level Stackelberg

games [69], then different utility functions suitable to particular service require-

ments (e.g., energy, or throughput) could be made available to better enable D2D

user applications. Yet, designing individual utility functions, for each possible D2D

application, would result in a large number of utility functions. Thus, categorising

D2D pair applications into classes based on similar requirements, as done in [123]

and [124], reduces the number of multiple, different, utility functions available to

followers (D2D users), in an effective manner. Although [123] and [124] consider

defining different classes for D2D user satisfaction, they do not jointly consider

QoE, QoS, resource allocation, and interference management, as well as signalling

overhead, for D2D communications in a fully distributed and autonomous man-

ner. Hence, the advantages of providing followers with several utility functions in

a Stackelberg game are: 1) network problems such as dynamic resource allocation

and interference management can improve D2D users’ experience by properly ac-

counting for the desired service each user; 2) utility functions can be tailored for

specific groups of practical applications, where, for example, the desired outcomes

from a utility for content/data sharing would be different to a utility for gaming;

and 3) cellular networks will have a more flexible communication infrastructure,



36 Literature Review

where D2D user satisfaction/QoE is better accounted for and enhanced.

Meanwhile, clustering D2D pairs based on cooperative game theoretic tech-

niques, has recently emerged as a promising technique to improve spatial reuse,

energy efficiency, and cooperation between users in a distributed and autonomous

manner [35, 91–96, 99, 101]. The goal of these works is to increase energy effi-

ciency, improve fairness, and maximise channel rate, while cooperatively sharing

the spectrum in order to reduce intra-cell interference and guarantee cellular user

requirements. The work in [94] and [95] proposed a distributed resource shar-

ing scheme, in order to maximise channel rate and improve network performance.

In [96], a clustered cognitive D2D communication system was proposed, where an

evolutionary game was used to assist D2D users to select a transmission mode, in

order to increase spectral efficiency. Moreover, in [101], a joint subchannel and

power allocation scheme is considered, based on a cooperative Nash bargaining

game, that optimises the tradeoff between maximising sum rate and fairness.

2.1.2.2 Scheduling Based Approaches

D2D pair scheduling has attracted considerable interest in order to reduce intra-cell

interference in the network, as studied in [106, 125–131]. Two popular scheduling

schemes have been proposed for distributed D2D pair scheduling, which are flash

link quality (FlashLinQ) [125] and information-theoretic link quality (ITLinQ) [126].

These D2D pair scheduling schemes focus on scheduling D2D links within the net-

work based on interference between users. Although D2D link scheduling will

reduce the number of transmitting D2D pairs at a particular time, this will not

only cause intra-cell interference to reduce, but also system capacity and network

throughput. Hence, existing work on incorporating D2D pair scheduling as an in-

terference management scheme along with power control in D2D communications

remains limited. The work in [127,129–131], jointly considers D2D link scheduling

with power control, in order to reduce intra-cell interference, while also increasing

the number of supported D2D pairs. However, most of these works [127, 129–131]

do not consider other factors such as resource allocation, and mode selection.

2.1.3 End-User Satisfaction

There is a wide range of potential applications for D2D communications, such as,

messaging, content sharing (such as videos and photos), local voice calling, gaming
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(single or multi-player), data sharing, advertising, uploading/downloading/streaming

content, and emergency services (local security and safety communications between

neighboring police, firemen, and ambulance officers) [2, 37, 38]. Depending on the

D2D application, particular factors such as, reliability, priority, throughput, or

transmit power, can be enhanced in order to increase each D2D user’s QoE. Guaran-

teeing D2D user QoE ensures end-user satisfaction, and it is becoming an essential

quality of measure, alongside QoS, in current and future cellular networks [39–41].

Meanwhile, the idea of guaranteeing QoE for D2D pairs under different appli-

cations has recently emerged as a promising technique to ensure D2D users are

satisfied, as outlined in [6, 39–41, 123, 124, 132–138]. In current and future cellular

networks, guaranteeing QoE is becoming an essential quality of measure, alongside

QoS [6, 39–41]. D2D user satisfaction can be expressed as a D2D user’s perceived

benefit, meaning that D2D user satisfaction is the measure of benefit that a par-

ticular user feels [6, 39, 123, 124, 133]. For example, if low data rate was provided

to a D2D user whose application is uploading content, then this would have a

negative effect on user satisfaction, when compared to providing high data rate.

Thus, D2D user satisfaction can be measured in the following ways: mean opinion

score [39, 124]; a satisfaction function [40, 41]; guaranteeing QoS [132]; or ensuring

high data rate is provided [123]. Additionally, user-in-the-loop (UIL) is another

approach that aims to aid user’s experience by reducing traffic and delay within

the network, by controlling/influencing user behaviour/requirements, as studied

in [133–138]. Furthermore, the work in [123] and [124] characterizes D2D user

satisfaction (QoE) into different classes, based on achievable data rate and media

service delivery, respectively, and defines specific QoE functions for each class. The

work in [123] studies the possibility of joint resource allocation, in order to max-

imise the average system satisfaction degree. However, [123] relies on an artificial

fish swarm approach, which is not a practical approach for large-scale D2D com-

munications, as it may lead to increased signalling overhead and slow convergence

speed [139]. Whereas, [124] proposes a distributed media service delivery and re-

source allocation scheme for D2D communications, to address the massive media

content dissemination problem in cellular networks. Even though some of the pro-

posed works, such as, [123] and [124], consider defining different classes for D2D

user satisfaction, they do not jointly consider QoE, QoS, resource allocation, and

interference management, as well as signalling overhead, for D2D communications
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in a fully distributed and autonomous manner.

2.1.4 Summary

Therefore, this thesis aims to investigate resource allocation, interference manage-

ment, and end-user satisfaction for D2D communications, using a multiple objective

(equivalently multi-criteria) Stackelberg game, without any scalarisation across the

different objectives. In addition, this thesis also investigates the joint optimisation

of mode selection and resource allocation using non-cooperative and cooperative

game theory, in order to reduce the intra-cell interference and improve energy-

efficiency, where a mode selection scheme scheme is considered with partial CSI.

2.2 Data Correlation in M2M Communications

Recently, the idea of clustering MTDs into smaller groups has emerged as a promis-

ing technique to reduce the traffic load on the cellular BS and improve spatial

reuse and energy efficiency, while reducing interference in the network, as studied

in [18,26,46], and [47]. Fig. 2.1 and 2.2 outline an illustrative example of an M2M

network topology, without clustering and with clustering. In particular, a clustered

M2M network, as outlined in Fig. 2.2, this will effectively reduce the number of

MTDs transmitting to the BS. Existing clustering techniques for M2M communi-

cations [26,46,47,80,140–148] have focused on clustering MTDs based on resource

allocation, location, load on the random access channel (RACH), and data corre-

lation. Clustering has been considered in literature, as an effective approach to

alleviate the potential massive congestion caused by MTDs, as done in [140–142]

and [143]. These aforementioned works aim to maximise the number of MTDs that

attempt to simultaneously access the BS, while minimising network congestion, the

load on the RACH and signalling overhead [141, 142]. In [140], an energy-efficient

cluster formation (load adaptive multiple access scheme) and cluster head selection

scheme was proposed, to maximise network lifetime in a massive M2M network.

The work in [142], investigated the problem of random access contention between

cooperative groups of MTDs that coordinate their random access channel, while

taking into account energy consumption and time varying queue length. However,

the algorithm presented in [142] cannot cope with a massive number of MTDs, as its

complexity will grow significantly. On the other hand, clustering techniques based
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Figure 2.1: M2M network topology,
without clustering
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Figure 2.2: M2M network topology, with
clustering

on the QoS requirements and locations of MTDs, are proposed in [26], [144–147]

and [148], in order to maximise the number of supported MTDs. A cluster priori-

tisation scheme for massive access management is studied in [26], where MTDs are

clustered based on QoS requirements. The work in [144] proposes a self-organised

cluster formation mechanism in which MTDs form clusters with neighboring MTDs.

In addition, a number of works such as in [145–147, 149], and [150] have also con-

sidered joint clustering and resource allocation. The goal of these works is to

maximise MTD data rate, allocate resource blocks efficiently, reduce interference

to the cellular network, and optimise the battery lifetime of MTDs. The work

in [149] proposes a distributed resource (time) allocation scheme, to address the

diverse QoS requirements in an IoT network, while taking into account data rate of

CTDs and energy consumption of MTDs. The aforementioned works [26,140–150]

consider machine-centric clustering approaches, that cluster MTDs in order to max-

imise MTD data rate and number of supported MTDs, while minimising energy

consumption. Such a machine-centric clustering approach does not take into ac-

count the individual data/information of each MTD. Additionally, in [151], the

authors proposed a clustering approach that uses a coalitional game to optimise

the tradeoff between sum-rate gains and power costs.

Meanwhile, the dense deployment of MTDs in M2M networks, will enable MTDs

within close proximity to gather correlated data, thus often sending the same infor-

mation (redundant bits) to the BS (e.g., see [44,47] and [152]). Hence, a data-centric

clustering approach can be used to improve the data quality sent to the BS. Ex-

isting work on clustering MTDs with respect to data correlation remains limited.
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Primarily, the works in [46] and [47] have studied the possibility of MTD clus-

tering based on location and correlation, however, these works rely on centralized

approaches that are not practical for large-scale M2M networks. Such centralized

clustering approaches can lead to significant signalling overhead as they require

gathering of global information, such as location and data correlation factors, for a

large number of MTDs. Indeed, in practice, centralized clustering approaches are

not robust to the dynamic changes in the MTD networking environment, such as

the joining of new MTDs, MTD loss of battery, or rapid fluctuations in the sensing

environment. Thus, there is a need to introduce new distributed correlation-aware

clustering approaches.

To develop such distributed solutions for cooperation in wireless network, it is

customary to resort to tools from game theory [61,67]. Particularly, in [80,142,149],

and [153], game theory has been used for distributed cluster formation in M2M

networks. The work in [153] proposed a distributed correlation-aware cell associ-

ation algorithm, that maximises the information sent to the BS while maximising

the number of assigned IoT devices to every BS. The game considered in [153]

is a two-sided matching game, however the proposed solution cannot cope with

dynamic changes in the M2M network environment. Indeed, the existing works

in [26,46,47,80,140–148], and [153] consider only clustering a small, finite number

of MTDs. However, this is not the case in practical IoT scenarios as the num-

ber of MTDs within the network is massive, which causes substantial interference

and impacts the way in which correlation-aware clustering must be performed.

Meanwhile, the aforementioned works are also not robust to the dynamics of a

large-scale M2M network that results from factors such as the arrival or departure

of new MTDs, or the deactivation of MTDs (e.g., due to battery loss, or rapid

fluctuations in the sensing environment). In particular, in [80], we have developed

an evolutionary coalitional game for correlation-aware clustering, for a finite num-

ber of MTDs. However, our proposed distributed algorithm in [80] cannot cope

with a massive number of MTDs, as its complexity will grow significantly. Fur-

thermore, [80] also relies on a simplistic utility function, that does not capture the

real-world deployment of MTDs.

Therefore, this thesis aims to investigate a distributed correlation-aware cluster-

ing approach for a finite and massive number of MTDs, while ensuring low signalling

overhead and robustness for small stochastic changes in the M2M environment.
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Figure 2.3: Use cases of multimedia IoT communications, including UAVs. This
figure is a modification of Fig. 1 in [2].

2.3 Enabling UAVs as Flying BSs for Mission

Critical M2M Communications

Recently, the use of UAVs as flying BSs and mission critical M2M communica-

tions have attached considerable attention in multimedia IoT. Fig. 2.3 outlines an

illustrative example of multimedia IoT use cases, with UAV BSs. However, within

literature these two hot topics, UAV BSs and mission critical M2M communica-

tions, have generally been considered separately.

In some multimedia IoT applications/scenarios, MTDs may be deployed in ar-

eas which experience intermittent or poor coverage from cellular BSs, or MTDs

may be deployed in environments with no cellular BS infrastructure (e.g. desert).

Moreover, in some cases, MTDs might be unable to transmit their data due to

the large distances to the cellular BS, limited battery lifetime of MTDs, and MTD

power constraints. Therefore, the aforementioned scenarios for existing cellular in-

frastructure, will lead to increased latency and sensed data to be potentially lost.

Therefore, the use of UAVs as flying BS will help over come these problems. The

work in [52] studied the optimal altitude for low flying UAVs, in order to provide

maximum coverage area per UAV across all ground users. In [154], an efficient

deployment of UAVs as flying BSs under different network densities was proposed,

to provide maximum user coverage, while also minimising the number of deployed
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UAVs. Moreover, the work in [155], investigated the optimal deployment of UAVs

as aerial BSs, while also jointly optimising radio resource allocation and user associ-

ation, in order to minimise power consumption of IoT devices for uplink UAV cov-

erage. On the other hand, optimal path planning (trajectory) approaches for UAVs

are proposed in [156, 157], and [158], in order to maximise throughput of ground

users and minimise energy consumption of UAVs. The work in [156] proposes a

joint optimisation for user scheduling, power control, and UAV trajectories, in or-

der to maximise throughput and fairness amongst all users. In [157], a relay-based

UAV system was considered, where the UAV relay trajectory and source/relay

transmit power allocation are jointly optimised to maximise the throughput.

A number of works such as in [49, 159], and [51] have also considered UAVs as

flying BSs to assist with data collection. The goal of these works is to deploy UAVs

to assist sensors on the ground that are unable to send their sensed data to a cellular

BS, where the UAV collects data from each sensor. The work in [49] considers a

clustered sensor network, where UAVs are employed to collect data from each

cluster head and recharge the cluster head. While, in [159], a priority-based data

access scheme was proposed, which utilises UAVs as relays to collect the sensed

data from the wireless sensor network, in order to reduce energy consumption,

increase throughput, and suppress redundant sensors. However, the ground users

in the aforementioned works [49, 51, 52, 154–159] do not consider ultra-reliability

and low latency constraints, especially when there are not enough UAVs to cover

a massive number of MTDs deployed in a vast geographical area.

Meanwhile, mission critical M2M communications aims to guarantee ultra re-

liable and low latency communications. Within literature, a range of different

approaches have been considered, in order to guarantee URLLC in mission critical

applications, such as, short packet transmissions, shorter transmission time inter-

val (TTI), caching, network slicing, or queue latency [42, 53–59]. The work in [53]

investigates short packet communications and the resources required for transmis-

sion, which leads to minimising latency and ensuring ultra reliability. In [54],

a nonadaptive and adaptive retransmission schemes are proposed for short packet

communications. On the other hand, the work in [55] proposed a uplink contention

based access scheme to handle the arrival of URLLC packets, using diversity trans-

mission.

Another approach to ensuring URLLC for MTDs, is to focus on queuing latency,
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and in particular ensuring that the queue length does not exponentially increase to

infinity which will cause the network to become unstable, this has been investigated

in [57] and [58]. However, to determine the queue length in practice is challenging,

as the arrival of packets are dynamic and non-deterministic, which means that the

probability model of the event-driven traffic of MTDs is unknown. Moreover, in

the aforementioned works [42, 53–59], the presence of UAVs were also not consid-

ered. In fact, none of the prior studies in [42, 49, 51–59, 154–159] considered the

problem of jointly optimising UAV scheduling and guaranteeing URLLC for M2M

communications on the ground.

Despite the abundance of prior works on UAV BSs, there exists only a limited

number of works that address the problem of URLLC with UAV BSs. Primar-

ily, the works in [160] and [161] have studied the possibility of utilising UAVs to

support mission critical communications. In [160], guaranteeing quality-of-service

(QoS) for URLLC links from ground users to UAVs is studied, in order to find

optimal UAV altitude and minimise the total required bandwidth for URLLC. On

the other hand, the work on [161] proposed utilising UAVs as floating relays in a

heterogenous cellular network, to serve low-priority MTD traffic and URLLC traf-

fic by investigating frequency reuse, interference, backhaul resource allocation, and

coverage. However, these works rely on a given transmission probability of packets,

as well as using QoS to measure the reliability an latency which is not necessarily

guaranteed for URLLC all the time. Therefore, a fully distributed and autonomous

energy-aware scheduling approach for mission critical M2M communications util-

ising UAVs as flying BSs is needed, to ensure ultra reliability, low latency, and

network stability.

Therefore, this thesis aims to investigate a fully distributed and autonomous

energy-aware scheduling approach for mission critical M2M communications util-

ising UAVs as flying BSs, while ensuring ultra reliability, low latency, and network

stability.

2.4 Summary

In this chapter, we have provided a comprehensive literature review of the key

research challenges for multimedia IoT, with particular focus on: D2D commu-

nications, M2M communications, and UAVs as low flying BSs. However, there
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are still open issues that need to be addressed in this area. Hence, we outline a

high-level summary on the limitations of existing work in these areas, as follows:

• QoE is an emerging measure of quality for future cellular communications.

QoE guarantees end-user satisfaction, which can be expressed as a benefit

that a particular user feels.

• Existing multiple objective Stackelberg games, typically use scalarisation to

solve such games, which combines all separate objective functions into one

objective (utility) function. Thus, the objective functions cannot be chosen

arbitrarily, and the scalarised solution will cause real-time information ex-

change between users (as well as affecting the non-cooperative nature of the

game).

• There is a need to adopt a distributed mode selection, resource allocation,

and interference management schemes for D2D communications, in order to

coordinate and reduce intra-cell interference, enable D2D pairs to operate

more efficiently, and improve network throughput and performance. D2D

pair scheduling has attracted considerable interest in order to reduce intra-

cell interference in the network. However, most existing work on D2D pair

scheduling do not jointly consider other factors such as resource allocation

or mode selection. Moreover, most of the existing works implement network-

assisted D2D communications, where the BS assists D2D users in determining

which transmission mode to operate in, i.e., the BS has global knowledge of

the network (complete CSI and knowledge all user locations). In order for

the BS to acquire global knowledge of the network, this will cause signalling

overhead and network complexity to significantly increase, especially with the

increasing number of users in the network. In practical scenarios, network-

assisted D2D communications is not always ideal, as complete CSI cannot

always be achieved for all user all the time.

• Clustering MTDs based on data correlation, is used to improve the data

quality sent to the BS. Existing works consider only cluster a small, finite

number of MTDs. However, this is not the case in practical IoT scenarios as

the number of MTDs within the network is massive, which causes substantial

interference and impacts the way in which correlation-aware cluster must
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be performed. Meanwhile, the existing works are also not robust to small

stochastic changes in the M2M environment.

• Mission critical M2M communications aims to guarantee ultra reliable and

low latency communications. In some instances, MTDs may be deployed in

remote geographical regions with poor cellular coverage or no coverage at all.

UAVs as flying BSs have been considered, in order to assist MTDs in these

situations by forwarding their data to the nearest BS. However, there exists

only a limited number of works that address guaranteeing URLLC for ground

users, with UAVs BSs.





Chapter 3

Flexible D2D Application-Driven

Resource Allocation

In underlaid D2D communications — where D2D pairs are operating in reuse

mode — a distributed interference management and resource allocation scheme

can enable interference to be coordinated and mitigated between cellular and D2D

users within the network, and therefore improve D2D user QoE, reliability, and

energy-efficiency. This chapter addresses the fundamental problem of flexibility

for application-driven distributed resource allocation, using a dynamic multiple-

objective (equivalently multi-criteria) Stackelberg game. In this game, we consider

a single leader (BS) and multiple followers (D2D pairs), where the leader reduces

interference within the network by charging a price to followers. The followers re-

act to the charged price, and compete to find optimal transmit power and resource

block allocation, while guaranteeing QoS and QoE. To enhance D2D user QoE,

D2D users are categorised into one of three application classes, where each class

formulates a criterion set. In contrast to previous studies on interference manage-

ment using multiple-objective Stackelberg game theory in D2D communications,

we consider arbitrarily different utility functions for each application class that best

describes the D2D pair’s practical application or service and meets the application

class criterion.

We propose a crucial innovation where the several different utility functions,

available to followers, are solved using a non-scalarised approach, which will reduce

real-time information exchange between D2D pairs, while also maintaining the non-

cooperative and selfish behaviour between them. To solve this novel Stackelberg

game, a distributed algorithm is proposed, and it is shown to converge to a unique

Stackelberg equilibrium across all users, which is a sub-game perfect equilibrium

47
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for each game stage. Finally, our simulation results show that transmit power is

reduced and data rate is increased for all D2D pairs in each application class, while

the BS ensures best social welfare is guaranteed across all D2D users. Moreover,

we demonstrate beneficial effects of prioritising communications, along with the

implicit prioritisation from different utility functions, by setting different PDR

targets.

This chapter is organised as follows. The system model and problem formulation

for the application-driven resource allocation for underlaid D2D communications

are presented in Section 3.1. In Section 3.2, a novel Stackelberg game is pro-

posed, which considers multiple, different, utility functions available to followers.

Within Section 3.3, the relationship between the leader and followers is analysed.

Section 3.4 outlines the proposed algorithm and Section 3.5 analyses the conver-

gence of the proposed distributed algorithm. Simulation results are illustrated in

Section 3.6. Finally, Section 3.7 concludes the chapter.

3.1 System Model and Problem Formulation

Consider a single BS serving C cellular users and D D2D pairs, where D2D com-

munication underlays cellular communications. In the network, each cellular user

j from the set C (i.e. the user accessing the BS) and each D2D pair i from the set

D, are independently and uniformly distributed throughout the network, as illus-

trated in Fig. 3.1. The number of D2D pairs is considered to be much larger than

the number of cellular users in the network, D > C [162,163]. We assume that all

D2D pairs considered in the network reuse the cellular user’s uplink resource block,

which means that for each D2D pair the distance ξx,y between transmitter x and

receiver y is less than or equal to a threshold distance ξ, ξx,y ≤ ξ. Moreover, the

BS and all transmitters/receivers are equipped with omni-directional antennas, as

device orientation is not pertinent to our model and use-cases.

In the network, the BS assigns K orthogonal resource blocks from the set K,

to cellular users. Each cellular user j is allocated one resource block for uplink

transmission, based on an orthogonal frequency-division multiple access (OFDMA)

system. We assume that the number of utilised resource blocks in the network is

equal to the number of cellular users in the network, K = C. On the other hand, the

BS allocates non-orthogonal spectrum to D2D pairs, that is, allocating D2D pairs
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Figure 3.1: Illustration of the D2D communication system topology for reuse mode
only. The intra-cell interference for cellular user c1 is outlined in red. Note that, if
the colour of the communication link for either a cellular user and/or a D2D pair
is the same, this indicates that the BS has allocated the same resource block for
transmission.

to a cellular user resource block. Thus, paired D2D transmitters reusing a cellular

user’s resource block will cause the BS to suffer interference, while paired D2D

receivers reusing the cellular user’s resource block will suffer interference from the

cellular user and all other non-paired D2D transmitters sharing the same resource

block (intra-cell interference). (And we assume that inter-cell interference is dealt

with separately).

Fig. 3.1 is an illustrative example of the D2D communication system topology,

where four cellular users are transmitting to the BS (uplink), and nine D2D pairs

are operating in reuse mode. The colours of the transmission links indicates which

D2D pairs are reusing which cellular user’s uplink resource block. The intra-cell

interference generated due to resource block sharing is outlined for cellular user c1

in Fig. 3.1. The example scenario considered in Fig. 3.1 is quite simple and can be

extended to a more complex scenario with many more users and BSs.

The received signal-to-interference-plus-noise ratio (SINR) of D2D pair i reusing

the uplink resources of cellular user j, is:

γdi =
pdi|gdi,di|

2

pcj|gcj,di|
2 +

∑
m∈M
m 6=i

pdm|gdm,di|
2 + N0

. (3.1)

The received uplink SINR of cellular user j who is sharing its uplink resource with
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a set M ⊂ D of M D2D pairs, is:

γcj =
pcj|gcj,BS|

2

∑
m∈M pdm|gdm,BS|

2 + N0

, (3.2)

where pdi is the transmit power of D2D pair i; pcj is the transmit power of cellular

user j; a set M ⊂ D of M D2D pairs reusing the same cellular user’s resource block;

pdm is the interfering transmit power of D2D pair dm ∈ M; and N0 is the additive

white Gaussian noise (AWGN) power. The channel gain ga,b between transmitter a

and receiver b, considers a slowly time-selective flat Rayleigh fading channel model

(small-scale fading), as follows:

gx,y = APLASSF

(
ξ0
ξx,y

)α
2

, (3.3)

where APL is the free space path loss channel attenuation; ASSF is the small-

scale fading channel attenuation with fixed normalised Doppler spread; ξ0 is the

reference distance between the transmitter and receiver; and α is the path loss

exponent. Furthermore, to ensure interference within the network will not degrade

any user’s performance (QoS), we place a threshold on received SINR for both

cellular users γcj ≥ γc ∀ j ∈ C, and D2D pairs γdi ≥ γd ∀ i ∈ D.

Performance Metric: We consider two metrics in this chapter, for evaluating the

performance of cellular users and D2D pairs: (i) achievable spectral efficiency (1.1),

and (ii) PDR (1.3). To ensure acceptable PDR is achieved for all D2D pairs we

seek to meet or exceed a target PDR, such that pdrdi ≥ pdrth, where pdrth is

target PDR and is defined in terms of threshold SINR γd as, pdrth = exp(a(γd)
b).

Ideally, we want users to have very good perceived benefit throughout the cell,

which includes achieving PDR above target PDR, that is, guaranteeing QoS and

maintaining desired communication reliability. In fact, PDR can also be used to

also prioritise communications, by assigning particular users a higher target PDR

than others, which means that higher target PDR entails higher communication

priority and greater reliability.

Typical modulation schemes employed in current cellular networks (LTE-A) and

future 5G networks and beyond, include, QPSK, 16-QAM, and 64-QAM, which

will be coded to assist with error correction. The error correction coding tech-

niques considered are, low-density parity-check (LDPC) codes or turbo codes for
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Figure 3.2: SINR versus PDR simulation and compressed exponential approxi-
mation (1.2), for the three modulation types and a packet size of 1500 bytes, as
outlined in Table 3.1.

Table 3.1: Estimated parameters, ac and bc, from (1.2)
Modulation Coding Gain ac bc a b

QPSK 8 dB [165] 1.097 6.552 -0.545 -6.552

16-QAM 11 dB [165] 0.816 7.378 -4.483 -7.378

64-QAM 7 dB [166] 0.114 7.127 -5.27×106 -7.127

example [164], which introduces a coding gain over uncoded modulation schemes.

Fig. 3.2 compares the theoretical PDR results to the PDR approximation, and Ta-

ble 3.1 outlines the coding gain and approximated values for ac and bc from (1.2),

for all three modulations, with the same packet length of 1500 bytes.

Given this system model, our goal is to address resource allocation and inter-

ference management in D2D communications, while considering application-based

QoE for all D2D pairs. Since the BS allocates uplink cellular resource blocks for

D2D pairs to reuse, severe intra-cell interference is caused, which is illustrated in

the system model. If this scenario is modelled as a non-cooperative power control

game, the BS and D2D pairs will behave selfishly and may choose a strategy that

will maximise their individual performance, without considering the effects on other

users (cellular users, BS, and D2D pairs) in the network [108, 112]. Thus, the BS

may not have any incentive to share the cellular users’ uplink resource blocks with

D2D pairs, as the BS (and the cellular users’ uplink) will suffer severe intra-cell

interference, as well as for other D2D pairs sharing the same resource blocks.

Furthermore, to enhance D2D pair’s communication experience, D2D users are
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Table 3.2: Practical application examples of D2D pairs for each class
Casual class Short messaging service (SMS), local voice call, and adver-

tising

Interactive class Video calling (video conference), content sharing (such as,
video and photo), and data sharing

Streaming class Gaming, uploading/downloaded/streaming content, and
emergency services2

categorised into three application-based classes1: casual class, interactive class,

and streaming class. Table 3.2 outlines a small subset of practical examples of

applications serviced by each class. Based on the practical applications, the casual

application class will seek to lower transmit power requirements while also guar-

anteeing QoS, whereas, the interactive application class will seek to lower trans-

mit power requirements while also increasing reliability requirements. While, the

streaming application class will seek to maximise the achievable spectral efficiency

requirements, such that content can be fully uploaded/downloaded/streamed in a

reasonable timeframe, as well as to increase priority and reliability, and to reduce la-

tency. To measure these requirements for the three application classes, SINR (3.1),

achievable spectral efficiency (1.1), and PDR (1.3), will be used.

Next, we propose a fully distributed and autonomous flexible resource alloca-

tion framework based on Stackelberg game theory [65, 104, 108, 112, 115] for D2D

communications. The proposed Stackelberg game considers a multi-criteria opti-

misation problem, with several different utility functions available to the followers

(D2D pairs). We define three utility functions for the followers, that is, one for

each application class, such that the utility functions meet a criterion set for each

applicaiton/service to enhance D2D user QoE. Whereas, the objective of each util-

ity function considered for the followers in the proposed Stackelberg game, is to

optimise transmit power of the D2D pairs. Moreover, the several utility functions

considered are arbitrarily different, and thus, a non-scalarised approach is proposed,

which avoids real-time information exchange between D2D pairs.

1D2D pairs reusing the same cellular user’s resource block, will cause intra-cell interference to
other D2D pairs, even if they have been categorised in different application classes.

2Local security and safety communications between neighbouring police, firemen, and ambu-
lance officers.
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3.2 Flexible Resource Allocation Stackelberg Game

Here, we propose a dynamic flexible resource allocation Stackelberg game with

several utility functions available to followers. The proposed Stackelberg game

aims to coordinate intra-cell interference and allocate resources within the network

efficiently, while enhancing D2D user QoE. We consider a single leader (BS) and

multiple followers (D2D pairs) in our proposed game. The BS owns the resource

blocks and charges the D2D pairs a reuse fee for reusing a cellular user’s uplink

resource block. The BS also charges D2D pairs a satisfaction/certainty fee, with

respect to all users in the network, where BS satisfaction is defined as follows:

Definition 3.1 BS satisfaction is measured according to the BS’s knowledge and

certainty of the network and its perceived benefit of all D2D pairs and cellular

users.

Our proposed Stackelberg game follows a hierarchical game structure, where

the leader first sets a charging price to the followers, which is a function of BS

satisfaction and reuse fees. The followers react to the leader’s charging price by

choosing optimal transmit power. The proposed Stackelberg game is defined as

follows:

Definition 3.2 The dynamic Stackelberg game with multiple utility functions avail-

able to followers is defined by GS = (D,x,p, uL, uF ), where D is the finite set of

rational D2D pairs; x is the leader’s finite pure strategy set; p is the follower’s finite

pure strategy set; uL is the leader’s (BS) utility function; and uF is the follower’s

(D2D pair) utility function.

In our proposed Stackelberg game, the leader’s finite strategy set x = (0, 1]

represents the BS’s satisfaction fee across all users in the network. The finite

strategy set for each D2D pair i ∈ D (follower) p = [pmin, pmax] denotes transmit

power. Thus, the strategy space for all D2D pairs in each iteration of the game is

P = {p1, . . . ,pD}. The leader’s utility function, uL, best describes the performance

of the BS in order to improve its satisfaction with respect to all users in the network.

The three separate utility functions available to each follower, uF ∈ {uCa, uIa, uSa},

map directly to a particular application class, which best describes the performance

of each D2D pair’s application or service, in order to improve QoE.
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3.2.1 Leader Utility Function

We consider a single leader in the proposed Stackelberg game, where the utility of

the leader uL(x, αj,i, pdi) is a function of the BS’s satisfaction fee for the network

across all users, x, and the gain the BS earns from sharing cellular user resource

blocks to D2D pairs, αj,i. The BS satisfaction fee x in the proposed leader’s utility

is set proportional to the throughput of all users in the network, D2D pair trans-

mission power, and the total interfering cost of each D2D pair to the BS. Whereas,

the reuse fee for D2D pair i reusing cellular user j’s resource block αj,i in the pro-

posed leader’s utility, is set proportional to the total interference the BS (and each

cellular user) observes from each D2D pair on a particular resource block. Hence,

the leader sets two fees, where the satisfaction fee is bounded by x ∈ (0, 1] and

the reuse fee is bounded by αj,i > 0. The BS has perfect information about the

current state of the cell at each stage in the game, and measures the perceived

benefit across all users in the network by charging the two fees. Note that, when

the BS satisfaction fee is close to 0 this means the BS has little knowledge and

certainty of the network, as well as little perceived benefit of the users in the net-

work. Whereas a BS satisfaction fee of 1 means the BS has total satisfaction of the

network (that is, very certain about the network) across all D2D users. The utility

function uL(x, αj,i, pdi) for the leader (BS) is given by:

uL(x, αj,i, pdi) = xβ
(
p + IBS(αj,i)

)
− λ (xr)2 −

(
IBS(αj,i)

)2
, (3.4)

where p =
∑

i∈D
pdi
D

; IBS(αj,i) =
∑

j∈C

∑
i∈M
M⊆D

αj,ipdiG̃i,BS

D
; r =

∑
n∈N

N=C∪D

rn
N

and

rn = log2(1 + γn); β is a positive scalar with respect to the game iteration, β > 0;

a set M ⊂ D of M D2D pairs reusing the same cellular user’s resource block; N

is the set of all cellular users and D2D pairs, N = C ∪ D; G̃i,BS =
|gi,BS |

2

|gi,i|2
is the

normalised interfering channel gain from D2D pair i to the BS (and cellular user

j); and λ is a tuning parameter, which determines how soon the BS’s perception

and satisfaction/certainty of the network converges to optimal satisfaction, λ > 0.

The leader finds the best response satisfaction of the network with respect to all

users, and the best response reuse fee, by maximising its utility function (3.4) with

respect to the satisfaction and reuse fees, as follows:
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maximise
x,αj,i

uL(x, αj,i, pdi)

subject to x ∈ (0, 1]; αj,i > 0, ∀j ∈ C, ∀i ∈ D.

(3.5)

3.2.2 Follower Utility Function

In the proposed Stackelberg game, multiple followers (D2D pairs) are considered,

and the utility function of D2D pair i, uF,i, depends on its application or service,

where uF,i(x, αj,i, pdi) ∈ {uCa, uIa, uSa}, that is, uF,i(x, αj,i, pdi) maps directly to

either the casual class utility uCa,i, interactive class utility uIa,i, or the streaming

class utility uSa,i. These utility functions are arbitrarily different, and cannot be

scalarised and reduced into one single utility function. Initially, D2D pairs sort

themselves into one application class that best describes the performance of the

desired application or service. We assume that once D2D pairs have assigned

themselves to a class, they cannot change classes during the finite stages of the

proposed game. The utility function of follower i models the difference between

D2D pair i’s performance for a particular application, and the leader’s charging

price. The leader’s charging price is a function of BS satisfaction fee x and reuse

fee αj,i. In order to reduce intra-cell interference in the network, D2D pairs aim

to find optimal transmit power. Hence, the individual finite action set for each

follower i is transmit power, pdi, which is bounded by a minimum and maximum

transmit power. The D2D pairs in the proposed game have imperfect information,

which means that all D2D pairs select their action simultaneously. Each D2D

pair determines their utility with respect to all other D2D pairs sharing the same

resource block.

The casual class utility is a power/SINR balancing function, as defined in [167],

with an additional cost charged by the leader. The criterion set for the casual class

(examples outlined in Table 3.2) requires low transmission power, and acceptable

achievable spectral efficiency, reliability, and QoS. The applications or service as-

sociated with this class are common/everyday functionalities of D2D users. The

casual class utility uCa,i for D2D pair i is defined as:

uCa,i(x, αj,i, pdi) =

(
γd

γdi

)
pdi − pdixδ(0.5 + αj,iG̃i,BS), (3.6)

where δ is a positive constant. Thus, utility function (3.6) was chosen for the casual
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application class, as it provides large emphasis on minimising transmit power, while

also guaranteeing QoS for D2D pairs.

The interactive class utility is a trade-off between maximising SINR and min-

imising transmit power, as defined in [167], with an additional cost charged by the

leader. The criterion set for the interactive class (examples outlined in Table 3.2)

requires similar transmission power to the casual application class, however, it re-

quires more reliability than the casual class, which is due to the transferring of

data files between users, for example. Thus, this utility function will ensure good

signal quality at the receiver without large latency periods. The interactive class

utility uIa,i for D2D pair i is defined as:

uIa,i(x, αj,i, pdi) = −qpdi − k (γd − γdi)
2 − pdixδ(0.5 + αj,iG̃i,BS), (3.7)

where q and k are positive constants to ensure all parts of (3.7) have the same

magnitude; and γ − γdi is the SINR error, which is the difference between target

SINR and received SINR of D2D pair i. If SINR error is less than 0, then the

received SINR of D2D pair i is greater than target SINR, which means that QoS is

guaranteed for D2D pair i. The utility function (3.7) was chosen for the interactive

application class, as there is large emphasis on good signal quality in order to

increase reliability, while also providing emphasis on reducing transmit power.

The streaming class utility is a trade-off between maximising achievable spectral

efficiency and minimising transmit power, as defined in [78], with an additional cost

charged by the leader. The criterion set for the streaming class (examples outlined

in Table 3.2) allows much larger transmit power, and requires higher achievable

spectral efficiency and reliability when compared to the other two classes, while

also being able to adapt to changes in the network where QoS and reliability are

guaranteed for each D2D pair. In particular, this utility function was chosen for the

streaming application class, as it provides greater emphasis on achievable spectral

efficiency, such that, content can be fully uploaded/downloaded/streamed in a

reasonable timeframe, serious gamers won’t experience any latency concerns, and

emergency services will have higher priority and reliability. The streaming class

utility uSa,i for D2D pair i is defined as:

uSa,i(x, αj,i, pdi) = vrdi − wp2di − pdixδ(0.5 + αj,iG̃i,BS), (3.8)
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where rdi is the channel of D2D pair i; and v and w are positive scale factors to

ensure all parts of (3.8) have the same magnitude.

We observe that transmit power pdi of each D2D pair i belongs to a nonempty,

convex, and compact subset of Euclidean space R
|D|. Each follower i finds the

best response (optimal) transmit power, by maximising its utility function uF ∈

{uCa, uIa, uSa} (that is, the utility function that best maps to the follower’s appli-

cation or service) with respect to transmit power, as follows:

maximise
pdi

uF,i(x, αj,i, pdi) ∀ i ∈ D

subject to pmin ≤ pdi ≤ pmax.
(3.9)

Conjecture 3.1 A non-scalarisation approach to multi-criteria optimisation – con-

sidering several, and arbitrarily different, utility functions for followers – can result

in a best response outcome for all players when using a Stackelberg game.

3.2.3 Leader’s Charging Price to the Followers

The aim of the leader’s charging price, is to link the leader with each follower

(and vice versa), in order to coordinate intra-cell interference and allow resource

blocks to be utilised efficiently. Thus, the charging price the leader assigns to the

followers must not be too high, otherwise the followers will choose high transmit

power, which, in turn, will lead to severe intra-cell interference in the network.

The proposed pricing strategy models the BS’s satisfaction fee proportional to the

follower’s transmit power and interfering cost. The proposed pricing strategy fee

θi charged by leader to each follower i, is:

θi(x, αj,i, pdi) = pdixδ
(

0.5 + αj,iG̃i,BS

)
, (3.10)

where BS satisfaction fee x and reuse fee αj,i, are functions of follower transmit

power pdi.

Initially, in the network, the BS will have little certainty and low satisfaction

(and perceived benefit) of the network, which means that the leader’s charging

price assigned to the followers will not have a large impact on the follower utility

functions. However, when the BS’s perceived benefit from the network increases,

this will lead to an increase in BS/network satisfaction, as the BS is becoming
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Leader: Selects an action for

x and αj,i, and determines the

charging price θi(x, αj,i, pdi).

Follower: Reacts to the charged

priced and selects an action pdi

Leader’s charging price (θi)
pdi

Figure 3.3: Flow chart of the proposed flexible resource allocation Stackelberg
game.

more certain/satisfied about the users in the network, the network conditions, and

the network layout. Thus, there is more coordination across users in the network.

Additionally, when the BS satisfaction fee and reuse fee increase, the interfering cost

assigned to the followers also increases. As the leader’s charging price increases, this

will cause the follower utility functions to further decrease and result in follower’s

reducing transmission power.

Fig. 3.3 outlines a flow chart of the proposed flexible resource allocation Stack-

elberg game. As we can see from Fig. 3.3, the leader first selects its actions and

then sets a charging price to the followers, and the followers react to the leader’s

charging price by choosing optimal transmit power.

3.2.4 Resource Block Allocation

The allocation by the BS of cellular user uplink resource blocks for D2D pairs to

reuse can lead to severe intra-cell interference. Power control is an effective tool to

reduce such intra-cell interference, which also reduces transmit power. However,

optimising transmit power by itself is not necessarily adequate, in order to reduce

the impact of intra-cell interference. Thus, with the assistance of the BS, D2D pairs

must find a suitable cellular user’s uplink resource block to reuse, while ensuring

cellular user performance does not degrade. Here, we propose a resource block

allocation scheme along with the proposed flexible resource allocation Stackelberg

game.

The resource block allocation scheme, takes the D2D pair optimal transmit

power derived in the proposed Stackelberg game, that is, in (3.9), and determines

its channel rate for each cellular user’s uplink resource block in the network. Thus,

in order for D2D pair i to determine which cellular user’s uplink resource block to
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reuse from the set C, the following maximisation must be satisfied, as follows:

j∗ = max (ηi) , (3.11)

where j∗ ∈ C is the selected cellular user that D2D pair i obtains maximum channel

rate, and ηi is a channel rate vector of D2D pair i for each cellular user j ∈ C.

Before D2D pair i switches to reuse cellular user j∗’s resource block, the QoS of

cellular user j∗ must be guaranteed, as follows γcj∗ ≥ γc. If the QoS of cellular

user j∗ is not guaranteed, then D2D pair i will remain reusing the current cellular

user’s resource block, until the next time slot. Note that, when a D2D pair decides

to switch the cellular user resource block they are reusing to get better channel

rate, D2D pairs do not need to consider their effect on other D2D pairs. The

D2D pairs only need to consider received interference if they start to reuse that

resource block, as D2D pairs are selfish and only want to maximise their own payoff.

Thus, allowing D2D pairs to choose which cellular user’s resource block to reuse,

will improve overall network performance, as well as further reducing D2D pair

transmit power and intra-cell interference.

3.3 Analysis of the Proposed Stackelberg Game

Next, we analyse the leader’s utility function and the three follower utility func-

tions in the proposed Stackelberg game, using backward induction. Particularly,

we investigate the trade-off between the leader’s charging price and the followers

transmit power, where we derive the best response BS satisfaction fee and best re-

sponse reuse fee for the leader, and best response transmit power for each follower

for the three application-based classes. Furthermore, we prove that there exists a

unique Stackelberg equilibrium in the proposed game, across all users.

3.3.1 Follower Analysis

Given the satisfaction fee x and the reuse fee αj,i, each follower aims to maximise

its utility by choosing optimal transmit power. Since we have considered three

different utility functions for the set of followers, we will firstly analyse each type

of utility function individually.
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Proposition 3.1 Given x and αj,i, each utility function defined in (3.6), (3.7),

and (3.8) for any D2D pair i ∈ D, is strictly concave and continuous with respect

to D2D pair i’s transmit power.

Proof: See Appendix A.1. �

From (3.9), the best response (optimal) transmit power p∗di for follower i, can

be solved by setting the first derivative of the three follower utility functions

in (A.1), (A.2), and (A.3) to zero, given the BS’s satisfaction fee x and reuse fee

αj,i. However, instead of setting (A.1) to zero, the best response transmit power

p∗Ca,di for the casual class is given by (3.6), that is, p∗Ca,di(x, αj,i) = uCa,i, since

the casual class utility is a linear and power balancing function, with an added

cost. The best response transmit power p∗Ca,di for casual class utility is searched

within {pmin, p
∗
Ca,di, pmax}. Whereas, the best response transmit power p∗Ia,di for the

interactive class,
∂uIa,i(·)

∂pdi
= 0, is derived as follows:

p∗Ia,di(x, αj,i) =
Idi + N0

|gdi,di|
2

(
γd −

(Idi + N0)(q + θ′i)

2k|gdi,di|
2

)
, (3.12)

where the best response transmit power for the interactive class utility is searched

within {pmin, p
∗
Ia,di, pmax}. Furthermore, the best response transmit power p∗Sa,di for

the streaming class,
∂uSa,i(·)

∂pdi
= 0, is derived as follows:

p∗Sa,di(x, αj,i) =

(
(Idi + N0) [w(Idi + N0) − |gdi,di|

2θ′i]

4w(|gdi,di|2)2
+

8vw + ln(2)(θ′i)
2

16w2 ln(2)

) 1
2

−
I + N0

2|gdi,di|2
−

θ′i
4w

, (3.13)

where the best response transmit power for the streaming class is searched within

{pmin, p
∗
Sa,di, pmax}.

Thus, the best response transmit power p∗Ca,di, p∗Ia,di, and p∗Sa,di for the three

application-based classes maximise their corresponding utility, and are monotoni-

cally decreasing with BS satisfaction fee x and reuse fee αj,i. As the leader becomes

more certain and satisfied with the network, its satisfaction fee increases, which in

turn, allows total interfering cost to be charged to the followers, and as a result,

causing best response transmit power to decrease.

If the reuse fee αj,i does not have an upper bound, the BS can infinitely increase

this cost, causing the followers to decrease their transmission power to pmin, and
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defeating the purpose of the Stackelberg game [112, 115]. Instead, we set a lower

and upper bound for the reuse fee αj,i, using the best response transmit power of

the casual, interactive, and streaming application classes in (3.6), (3.12) and (3.13)

respectively, to ensure the BS charges a reasonable fee. The reuse fee expressions

for the three application classes, are given by:

Casual class: αj,Ca =
γd (Idi + N0)

pdixδG̃i,BS|gdi,di|
2
−

1 + 0.5xδ

xδG̃i,BS

; (3.14)

Interactive class: αj,Ia =
2k|gdi,di|

2

xδG̃i,BS (Idi + N0)

(
γd − pdi

(
|gdi,di|

2

Idi + N0

))
−

q + 0.5xδ

xδG̃i,BS

;

(3.15)

Streaming class: αj,Sa =
v|gdi,di|

2

ln(2)xδG̃i,BS

(
pdi|gdi,di|

2 + Idi + N0

) −
2wpdi + 0.5xδ

xδG̃i,BS

;

(3.16)

where pdi is equal to pmin for the reuse fee upper bound for the three applica-

tion classes, αj,Ca−min, αj,Ia−min, αj,Sa−min; on the other hand, pdi is equal to pmax

for the reuse fee lower bound for the three application classes, αj,Ca−max, αj,Ia−max,

αj,Sa−max. Thus, the reuse fee αj,i lower and upper bounds are in terms of maximum

and minimum transmit power respectively, and is given by, αj,i = [αj,min, αj,max],

where αj,min = max{αj,Ca−min, αj,Ia−min, αj,Sa−min} and αj,max = min{αj,Ca−max,

αj,Ia−max, αj,Sa−max}, while αj,min > 0 and αj,max > 0, for cellular user j ∈ C.

In the following, we will continue to analyse the leader’s utility function and

find the best response satisfaction fee and the best response reuse fee.

3.3.2 Leader Analysis

Recall that the Stackelberg game has a hierarchal structure, where the leader sets

a fee and knows that the followers will react to this cost by searching for an op-

timal transmit power within their strategy set, p. According to the best response

transmit power expressions in (3.6), (3.12) and (3.13), as well as the leader’s utility

function in (3.4), it is evident that there exists a trade off between the leader’s

charging price and maximising the leader’s payoff/utility.

Proposition 3.2 The utility function of the leader in (3.4) is strictly concave

and continuous with respect to the BS satisfaction fee x and the reuse fee αj,i,

given the best response transmit power of all the followers from the strategy set
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pmin ≤ p∗di ≤ pmax.

Proof: See Appendix A.2. �

From (3.4), the best response BS satisfaction fee x∗ and reuse fee α∗
j,i can

be solved by setting the first derivative of the leader’s utility function in (A.9)

and (A.10) to zero, given the D2D pair’s and cellular user’s transmit power. The

unique maximum solution (best response) for the BS satisfaction fee x∗ is derived

as follows:

x∗(αj,i, pdi) =
β
(
p + IBS(α∗

j,i)
)

2λr2
, (3.17)

where IBS(α∗
j,i) =

∑
j∈C

∑
i∈M
M⊆D

α∗
j,ipdiG̃i,BS

D
.

The unique solution of the BS’s satisfaction fee x∗ is dependent upon the best

response reuse fee α∗
j,i that the BS assigns to follower i for reusing the cellular

user j’s resource block, and follower transmit power pdi. Since the BS satisfaction

fee is bounded by (0, 1], the BS will search for the optimal satisfaction fee within

{xmin, x
∗, xmax}. Furthermore, the best response BS satisfaction fee of the network

with respect to all users, guarantees best social welfare across all followers (D2D

pairs). Social welfare for the proposed Stackelberg game is defined as follows:

Definition 3.3 Social welfare is the summation of all follower utility functions

across all application classes.

Remark 3.1 The BS can determine the social welfare of the network by sum-

ming all the D2D users utility functions (D2D user satisfaction) [168, 169], where

maximising social welfare is a socially optimal outcome for particular network users-

of-interest [170].

The best response reuse fee α∗
j,i for cellular user j and D2D pair i, is derived as

follows:

α∗
j,i(x, pdi) =

βx∗

2pdiG̃i,BS

. (3.18)

The unique solution of the reuse fee α∗
j,i is dependent upon the BS satisfaction

x∗, and the interfering power that each D2D pair i causes the BS (and cellular

user j’s uplink resource block). Since the reuse fee is bounded by αj,i > 0 and

[αj,min, αj,max], the BS will search for best response reuse fee within {αj,min, α
∗
j,i, αj,max}.
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Therefore, by substituting optimal BS satisfaction fee x∗ (3.17) and optimal

reuse fee α∗
j,i (3.18) into the best response transmit power expressions for each

application class, (3.6), (3.12) and (3.13), this will generate a maximal (optimal)

transmit power response for each class.

3.4 Proposed Algorithm

To solve the dynamic flexible resource allocation Stackelberg game, with several

utility functions available to followers, we propose a distributed algorithm. The

distributed algorithm aims to find optimal BS satisfaction fee and reuse fee for

the BS, while finding optimal transmission power for the followers. Algorithm 1

enables the BS to set a price to charge to the followers, for reusing a cellular

user’s resource block and to coordinate intra-cell interference between users, where

the followers react to the charging price by selecting transmit power. During the

proposed algorithm, it is assumed that the D2D pairs are established (and the

number of D2D pairs in the cell is constant) over a finite time horizon of the game.

If any additional D2D pairs are established in the network or any D2D pairs in

the network are terminated, then the new set of D2D pairs will be considered in

the next occasion when the game is played. Note that, the proposed Stackelberg

game can be re-initiated any-time after convergence, with the new set of D2D pairs.

Hence, Algorithm 1 outputs the best response BS satisfaction fee and reuse fee for

the leader (BS), as well as the best response transmit power for all D2D pairs

(followers).

Next, we prove that there exists a unique Stackelberg equilibrium for the pro-

posed Stackelberg game with different, multiple, utility functions available to the

followers.

3.5 Stackelberg Equilibrium Analysis

To solve the proposed Stackelberg game with multiple utility functions available

to followers, we consider the concept of a Stackelberg equilibrium. The Stackelberg

equilibrium is a stable point in the game, where the leader and followers have

no incentive to increase their payoffs without changing their strategy unilaterally,

given all other player’s strategies. The Stackelberg equilibrium for our proposed
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game is defined as:

Definition 3.4 The set of strategies A∗ = [x∗,α∗,p∗] for the BS (leader) and all

D2D pairs (followers), i ∈ D, there exists a Stackelberg equilibrium in the proposed

Stackelberg game, if the following is satisfied:

1. The leader first achieves a Nash equilibrium:

uL([x∗, α∗
j,i, p

∗
di], [x

∗,αj,−di
∗,p−di

∗]) ≥ uL([x, αj,i, pdi], [x
∗,αj,−di

∗,p−di
∗]);

(3.19)

2. The followers then achieve a Nash equilibrium thereafter:

uF,i([x
∗, α∗

j,i, p
∗
di], [x

∗,αj,−di
∗,p−di

∗]) ≥ uF,i([x, αj,i, pdi], [x
∗,α∗

j,−di
,p∗

−di
]);

(3.20)

for all i ∈ D and j ∈ C; where uF,i(x, αj,i, pdi) ∈ {uCa, uIa, uSa}; p∗di is an element of

p∗, which is the best response transmit power of D2D pair i; p−di
∗ are elements of

p∗, which are the best response transmit powers for all other D2D pairs other than

D2D pair i; and αj,−di
∗ is an element of α∗ and is the best response reuse fees for

all other D2D pairs other than D2D pair i for cellular user j.

Remark 3.2 The Stackelberg equilibrium is a hierarchal equilibrium, that is, once

the leader achieves a unique Nash equilibrium, the followers will then achieve a

unique Nash equilibrium thereafter, resulting in a unique Stackelberg Equilibrium3.

From our analysis of the leader and followers in the proposed Stackelberg game,

we analysed a subgame of the proposed game. Within the subgame we solved the

best response BS satisfaction fee and best response reuse fee for the leader, as well

as the best response transmit power for the followers, that is, an equilibrium of the

subgame. Subgame perfection of the Stackelberg game is defined as follows:

Definition 3.5 A Stackelberg equilibrium of the proposed game is said to be sub-

game perfect if and only if the strategy profile A∗ results in a Nash equilibrium for

3In a typical single-leader multiple-follower Stackelberg game, the leader converges to a best
response outcome, which causes the followers to converge to a Nash Equilibrium, such that the
Nash (equivalently Stackelberg) Equilibrium is not converged to separately from the leaders best
response.
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Algorithm 1 Flexible Resource Allocation Stackelberg Game in D2D Communi-
cations
1: Input: Leader’s (BS) finite strategy set: x = (0, 1]; Follower’s (D2D pair) finite

strategy set: p = [pmin, pmax];
2: The BS randomly assigns each D2D pair i ∈ D to reuse cellular user j ∈ C resource

block;
3: Each D2D pair i determines preferred application class: {casual (Ca), interactive

(Ia), streaming (Sa)};
4: The BS initially selects a satisfaction fee x ∈ x and a reuse fee αj,i ∈

[αj,min, αj,max] ∀j ∈ C, ∀i ∈ D;
5: Each D2D pair i initially select transmit power pdi ∈ p;
6: while t ≤ T do
7: BS calculates the utility uL, with strategy x and αj,i ∀j ∈ C, ∀i ∈ D, as in (3.4),

given pdi ∀i ∈ D;

8: Update the BS’s satisfaction fee x(t), as in (3.17), and reuse fee αj,i(t) ∀j ∈
C, ∀i ∈ D, as in (3.18);

9: for D2D pair i ∈ 1 . . . D do
10: Find suitable cellular user’s uplink resource block to reuse, using (3.11);
11: if D2D pair i ∈ Ca then
12: Calculate the utility uCa,i using (3.6), given the leader’s charging price, θi

as in (3.10);

13: Update D2D pair i’s transmit power pdi(t+ 1) = uCa,i;
14: end if
15: if D2D pair i ∈ Ia then
16: Calculate the utility function, uIa,i, using (3.7), given θi as in (3.10);
17: Update D2D pairs i’s transmit power pdi(t+ 1) using (3.12);
18: end if
19: if D2D pair i ∈ Sa then
20: Calculate the utility function, uSa,i, using (3.8), given θi as in (3.10);
21: Update D2D pairs i’s transmit power pdi(t+ 1) using (3.13);
22: end if
23: end for
24: t = t+ 1;
25: end while
26: p∗di = pdi(T ) ∀i ∈ D; α∗

j,i = αj,i(T ) ∀j ∈ C, ∀i ∈ D; x∗ = x(T );
27: Output: Stackelberg equilibrium strategies A∗ = [x∗,α∗,p∗] for the BS (leader)

and all D2D pairs (followers).

the leader and followers in every subgame of the proposed game, that is independent

of the game history.

Based on [171] and our definition of a Stackelberg equilibrium in Definition 3.4,

the proposed Stackelberg game using a non-scalarisation approach to solving the

several different utility functions available to the followers, will result in a unique

Stackelberg equilibrium. A unique Stackelberg equilibrium is the best response for

the leader and all the followers that exists over all stages of the proposed game
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(subgame perfect is a subgame that is independent of the game history).

Theorem 3.1 The Stackelberg game with different, multiple utility functions for

followers, has a unique Stackelberg equilibrium.

Proof: See Appendix A.3. �

Remark 3.3 When the game is operating at a Stackelberg Equilibrium, different

applications across the three classes enable improvement of all D2D users QoE,

throughput, and application requirements are met effectively.

Definition 3.6 The proposed dynamic Stackelberg game is Pareto-efficient when

the leader’s satisfaction is maximised, and all followers minimise transmit power

and achieve desired PDR.

Proposition 3.3 When the leader’s BS satisfaction fee converges to the unique

maximum solution, this is an optimal outcome for the leader, which leads to the

best response of the follower’s transmit power and guaranteed best social welfare

across all the followers, so the resultant outcome is Pareto-efficient.

Proof: A Pareto-efficient outcome is fully defined over all game stages, according

to Algorithm 1. The leader first converges to an optimal BS satisfaction fee and

reuse fee, then the followers converge to a Pareto-efficient outcome, such that the

game achieves Pareto efficiency. When the BS satisfaction fee x is maximum the

desired outcome in terms of network satisfaction is achieved. Hence, each D2D pair

i will minimise its transmit power with respect to all other D2D pairs −i reusing

the same resource block, until no D2D pair can further decrease its transmit power

over the finite game, while desired PDR is achieved for each D2D pair. �

3.6 Simulation Results

For our simulations, we consider a single BS located at the center of a circular

area with a 500 m radius. D2D pairs and cellular users are distributed randomly

throughout the network. We consider a dense D2D network, where all D2D pairs

considered are within close proximity, that is, within the maximum D2D transmis-

sion range. All users encounter a slowly time-selective flat Rayleigh fading channel,

with a normalised Doppler spread of 0.001, which for example, could correspond
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Table 3.3: Simulation Parameters and Values
Parameter Value

Cell radius, R 500 m

Maximum distance between D2D pairs 50 m

D2D pair reference distance, ξ0 25 m

Number of D2D pairs per cell, D 48

Number of cellular users per cell, C 4

D2D free space path loss attenuation, APL 10−3.32

D2D pair path loss exponent, ϕ 4

D2D user transmit power range 0-23 dBm

Cellular user SINR threshold, γc 6 dB

AWGN power, N0 −84 dBm

to a maximal Doppler frequency of 2 Hz with a game iteration occurring at 0.5 ms

intervals. In particular, the interactive application class utility function (3.7) has

the following constants z = 0.005 and k = 1, the streaming application class util-

ity function (3.8) has the following constant w = 2, and the leader’s charging

price (3.10) has the following constant, δ = 10. We assume each cellular user

transmits at maximum transmission power (worst case scenario), 23 dBm. We

consider a carrier frequency of 2 GHz. To ensure enough packets are successfully

received at the D2D pair receiver, we introduce a minimum target PDR of 0.9 for

all application classes. Turbo coding is applied to the modulated schemes used in

simulations. The rest of the simulation parameters are outlined in Table 3.3.

Initially, an equal number of D2D pairs are randomly assigned to each cellular

user, to reuse their resource block. In addition, an equal number of D2D pairs

are assigned to each application class initially. At the beginning of the game, we

assume that the BS has little satisfaction (certainty) and perceived benefit from

the cell and the users within the network, and thus, at t = 0 the BS’s satisfaction

fee is set to x = 0.001.

The proposed Stackelberg algorithm is evaluated using Monte Carlo simulations

with varying cellular users C and D2D pairs D. We compare our proposed Stack-

elberg algorithm to three different baseline algorithms, that is, a non-cooperative

power control (NPC) algorithm using the utility function uNPC(pdi) = vrdi − wpqdi

from [ [78], eq. (7)]; a distributed power control Stackelberg algorithm [109]; a

joint spectrum and power allocation Stackelberg algorithm [104]; and a distributed

resource allocation Stackelberg algorithm [119].

In Fig. 3.4, we show the BS’s satisfaction fee for the network with respect to the
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Figure 3.4: BS’s satisfaction fee with and
without priority, using coded 16-QAM.
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Figure 3.5: Transmit power per D2D
pair, (no priority), using coded QPSK.

cellular and D2D users, for prioritised and non-prioritised D2D communications.

We observe that the proposed Stackelberg game has fast convergence to an opti-

mal BS satisfaction fee of x = 1. This means that the BS achieves full knowledge,

certainty, and perceived benefit from the network across all users, especially D2D

users. The BS’s satisfaction fee evolves due to the leader’s charging price charged

to the followers, and the followers reacting to this price. Fig. 3.4 also shows the

effect of the tuning parameter λ in the leader’s utility function (3.4). As λ increases

from 0.25 to 1, the game iteration at which the BS’s satisfaction fee converges to

an optimal outcome increases from 5 to 28, respectively. At λ = 0.75, this is a

trade off point between transmit power and PDR. As λ increases from 0.25 to 0.75,

transmit power decreases and PDR increases. However, once λ increases from 0.75

to 1, transmit power increases and PDR decreases. Thus, we consider λ = 0.75

for the rest of our simulations. Prioritising each application class, ensures partic-

ular communications will take priority over other communications. To prioritise

communications, we set different minimum target PDR for each application class.

Fig. 3.4 shows that there is no considerable effect on the leader’s satisfaction fee,

when prioritised or non-prioritised D2D communications is considered.

Fig. 3.5 shows the dynamics of average transmission power per D2D pair, with-

out considering priority. We observe that once the BS satisfaction fee x and reuse

fee αj,i converge to optimal outcomes, the leader’s charging price, defined in (3.10),

also converges to an optimal outcome. Thus, D2D pairs (followers) further reduce

their transmit power, as they are willing to allocate more from their utility in order
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to achieve better QoE, as well as to reduce the interference to the BS and respec-

tive cellular user uplink resource block. From this figure, we can see that as the

the D2D pairs switch to different cellular users’ uplink resource blocks, D2D pair

transmit power is reduced further on average, thus reducing intra-cell interference

which leads to a power efficient network. Due to the effects of slow fading, trans-

mit power does not converge to a single value in most cases. For each application

class, average transmit power per D2D pair is decreased by around 91.5% for the

casual class, 90.2% for the interactive class, and 89.3% for the streaming class, com-

pared to the Stackelberg algorithm in [104]. Additionally, for each application class

from the proposed algorithm, average transmit power per D2D pair is decreased

by around 98.1% for the casual class, 97.8% for the interactive class, and 96.9%

for the streaming class, compared to the Stackelberg algorithms in [109] and [119].

Overall, D2D pairs reduce their transmit power to a Pareto-efficient outcome, while

guaranteeing best social welfare across all D2D pairs.

Fig. 3.6 shows the dynamics of average maximum achievable spectral efficiency

(channel rate) per D2D pair, without considering priority. We observe that as

the leader’s charging price converges to an optimal outcome and D2D pairs are

switching to different cellular user’s uplink resource blocks, the achievable spectral

efficiency also increases per D2D pair on average. Each application class from

the proposed Stackelberg algorithm increases average achievable spectral efficiency

per D2D pair by around 10.2% for the casual class, 12% for the interactive class,

and 13.7% for the streaming class, compared to the NPC algorithm. As shown in
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Fig. 3.6, the Stackelberg algorithms in [109] and [119] both maximise the average

achievable spectral efficiency per D2D pair, compared to the proposed Stackelberg

algorithm. However, considering the results in Fig. 3.5, the baseline Stackelberg

algorithms in [109] and [119] yielded a larger transmit power, compared to the

proposed distributed algorithm. Thus, each application class decreases average

achievable spectral efficiency per D2D pair by around 19.3% for the casual class,

18% for the interactive class, and 16.8% for the streaming class, compared to the

baseline Stackelberg algorithms in [109] and [119]. Moreover, due to the reduction

in intra-cell interference and transmit power, as well as allowing D2D pairs to

switch cellular user resource blocks, the proposed Stackelberg algorithm improves

overall network performance.

In Fig. 3.7, we show the dynamics of average PDR per D2D pair, without con-

sidering priority. We observe that the proposed algorithm has different effects on

PDR depending on the application class. In Fig. 3.7, D2D pairs in the proposed

Stackelberg algorithm converge to a Pareto-efficient outcome, while maintaining

their PDR above target PDR, pdrtgt = 0.9. D2D pairs who selected the streaming

and iterative application classes maximise PDR over the casual application class in

the proposed Stackelberg algorithm, and all baseline algorithms considered. Hence,

D2D pairs in the streaming and interactive application classes increase PDR per

D2D pair by around 1.3% compared to the NPC baseline algorithm on average, and

by around 5.2% compared to all Stackelberg baseline algorithms on average. Thus,
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the proposed streaming and interactive application classes have improved com-

munication reliability and higher achievable spectral efficiency with little latency.

However, the casual application class decreases PDR per D2D pair by around 2.4%

compared to the NPC baseline algorithm, and increases PDR by around 1.3% com-

pared to all baseline Stackelberg algorithms. The proposed casual application class

maintains desired communication reliability for all users (that is, above minimum

target PDR).

Fig. 3.8 shows the dynamics of average PDR per D2D pair, considering priority

for each application class in the proposed Stackelberg algorithm. In particular,

the casual application class is assigned a minimum target PDR of 0.9; interactive

application class, minimum target PDR of 0.94; and streaming application class,

minimum target PDR of 0.98. Note that, all baseline algorithms maintain a tar-

get PDR of 0.9. In Fig. 3.8, the outcome for the streaming application class, in

our proposed Stackelberg algorithm, achieves its minimum target PDR of 0.98 and

increases average PDR per D2D pair by around 6.3% compared to all baseline

Stackelberg algorithms. As a result, D2D pairs who selected the streaming ap-

plication class in the proposed Stackelberg algorithm will have further improved

communication reliability, priority, higher achievable spectral efficiency, and re-

duced latency. For the other application classes, the proposed algorithm exceeds

their minimum target PDRs. Moreover, from Fig. 3.8, the proposed algorithm

provides more flexibility in terms of priority and reliability depending on the D2D
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pair application, while also ensuring QoE, compared to the baseline algorithms.

Fig 3.9 shows average transmit power per D2D pair, under different number

of cellular users in the network. We observe that as the number of cellular users

increase (fixed number of D2D pairs) under the current network conditions, D2D

pair transmit power decreases. This is due to the number of D2D pairs reusing

a cellular user’s resource block also decreasing, and thus, reducing intra-cell in-

terference between users in the network. On average, the proposed Stackelberg

algorithm decreases transmit power per D2D pair by around 69.8% for the casual

class, 67.9% for the interactive class, and 56% for the streaming class, compared

to all the baseline Stackelberg algorithms.

In Fig.3.10, we show average transmit power per D2D pair under different num-

ber of D2D pairs in the network. We observe that as the number of D2D pairs

increases (fixed number of cellular users) under the current network conditions,

D2D pair transmit power also increases. This is due to the number of D2D pairs

reusing the cellular user’s uplink resource block also increasing, and thus causing

intra-cell interference to increase. Thus, the proposed Stackelberg algorithm de-

creases average transmit power per D2D pair by around 81.3% for the casual and

interactive classes, and 70.9% for the streaming class, compared to all the baseline

Stackelberg algorithms.

Moreover, in Fig. 3.11, we analyse the effects on the leader’s charging price

assigned to the followers, under an increasing number of cellular users and D2D

pairs. We observe that, as the number of cellular users increase, the leader’s charg-

ing price assigned to the followers reduces. This is due to the intra-cell interference

reducing, and thus, causing D2D pair transmit power to also reduce, as observed in

Fig, 3.9. On the other hand, as the number of D2D pairs increase, we observe that

the leader’s charging price assigned to the followers increases, and thus, intra-cell

interference also increases due to increasing D2D pair transmit power, as outlined

in Fig. 3.10.

3.7 Summary of Contributions

In this chapter, we have developed a novel dynamic multiple-objective Stackelberg

game with arbitrarily different utility functions available to followers, to enable

more efficient and flexible application-based resource allocation in D2D commu-
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nications. Hence, in this chapter we answer questions Q1 and Q2, posed in Sec-

tion 1.2.

In the proposed dynamic multiple-objective Stackelberg game, D2D pairs, fol-

lowing the BS (leader), were categorised into one of three application classes in

order to enhance D2D user QoE and provide best service according to their com-

munications requirements. Each application class was assigned an arbitrarily dif-

ferent utility function, and thus, it was not feasible to scalarise the three utility

functions into a single combined utility function. Based on the flexible resource al-

location Stackelberg game – with non-scalarised multi-criteria optimisation across

all followers – we have proposed a distributed algorithm, in which D2D pairs aim to

minimise transmit power, maximise data rate, and guarantee QoE. We have shown

that the proposed distributed algorithm converges to a unique sub-game perfect

Stackelberg Equilibrium. Simulation results showed that, on average, the proposed

Stackelberg algorithm reduces transmit power per D2D pair, and increases PDR

and achievable spectral efficiency per D2D pair, while guaranteeing best social

welfare and QoE across all D2D followers, compared to the baseline algorithms.





Chapter 4

D2D Mode Selection and

Resource Allocation in D2D

Networks

Chapter 3 investigated the resource allocation and interference management prob-

lem for D2D pairs in reuse mode only, while also ensuring D2D end-user satis-

faction for a range of different applications. However, in practice, D2D pairs not

only transmit in reuse mode, they can also transmit in cellular mode or dedicated

mode. Thus, D2D mode selection and resource allocation is another crucial area

for investigation, due to intra-cell interference and the allocation of orthogonal and

non-orthogonal resource blocks.

In this chapter, we jointly optimise D2D mode selection, resource allocation,

and power control in a distributed and autonomous manner. Thus, this chapter

solves this joint optimisation problem for network-assisted D2D communications,

using two game theoretic approaches, i.e., a non-cooperative game and a coalitional

game. Firstly, we propose a non-cooperative cross-layer repeated game, which

combines a non-cooperative power control game and a two-armed bandit game,

which enables D2D pairs to selfishly and independently select a transmission mode,

while also minimising transmission power. The proposed non-cooperative game

based algorithm is shown to converge to a unique Nash Equilibrium, that is Pareto-

optimal. Secondly, we propose a cross-layer coalitional game, based on a leave-and-

join approach, to cluster D2D pairs based on resource block allocation and D2D

mode selection. Hence, in this game within each cluster, D2D pairs cooperate and

share information in order to improve each cluster member’s overall payoff. The

proposed cross-layer coalitional game based algorithm, is shown to converge to a

75
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Nash stable coalition partition that is socially efficient and has a non-empty core.

Moreover, in this chapter, we investigate user-assisted D2D communications as

an alternative viable solution for D2D mode selection, when clustering D2D pairs.

The user-assisted scenario requires the BS to only have partial knowledge of the

network (and partial CSI), which can significantly reduce the signalling overhead

and network complexity, compared to a network-assisted scenario (i.e., an ideal

scenario).

This chapter is organised as follows. In Section 4.1, the system model for

underlaid D2D communications is presented for D2D pairs in cellular mode, dedi-

cated mode, and reuse mode. Section 4.2 presents the non-cooperative cross layer

repeated game, for a network-assisted scenario. In this section, we outline the

two-armed bandit game and the non-cooperative power control game, and we anal-

yse the stability and convergence of the proposed non-cooperative game. On the

other hand, Section 4.3 presents a dynamic cross-layer coalition formation game,

for both a network-assisted and a user-assisted scenario. In this section, we out-

line the proposed coalitional game, and analyse the proposed game stability. In

the proposed coalitional game, we design a more comprehensive interference man-

agement scheme, and also propose a dedicated mode resource allocation algorithm.

Section 4.4 outlines the proposed distributed cross-layer coalitional algorithm. The

stability and computational cost of the proposed coalitional algorithm is analysed

in Section 4.5. Simulation results for the non-cooperative game and the coalitional

game are illustrated and compared in Section 4.6. Moreover, in the simulation re-

sults, we also compare the two network scenarios in terms of network performance.

Finally, Section 4.7 concludes the chapter.

4.1 System Model

Consider a single BS serving C cellular users and D D2D pairs, where D2D com-

munication underlays the cellular network. In the network, each cellular user j

from the set C (i.e. the user accessing the BS) and each D2D pair i from the set

D, are independently and uniformly distributed throughout the network, as illus-

trated in Fig. 4.1. The number of cellular users is considered to be less than the

number of D2D pairs in the network [99], C < D. We focus on uplink resource

allocation/sharing, as uplink resources are not as heavily utilised as downlink re-
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sources [16,35]. In addition, the BS can also handle some of the extra interference

caused by D2D communications utilising the uplink resources [16,34,35]. D2D pairs

are able to select one of three transmission modes to operate in, that is, (i) cellu-

lar mode; (ii) dedicated mode; or (iii) reuse mode. D2D pairs operating in cellular

mode will communicate via the BS, whereas D2D pairs operating in dedicated mode

or reuse mode will communicate directly between the transmitter and receiver. In

order for D2D pairs to operate in dedicated mode or reuse mode, the distance ζa,b

between transmitter a and receiver b must be less than or equal to a threshold

distance ζ, ζa,b ≤ ζ. If this is not the case, ζa,b > ζ, D2D pairs must operate in

cellular mode (assuming enough resource blocks are available) until the transmit-

ter or receiver moves closer. Moreover, the BS and all transmitters/receivers are

equipped with omni-directional antennas, as device orientation is not pertinent to

our model and use-cases.

In the network, the BS assigns R orthogonal resource blocks from the set R, to

cellular users and D2D pairs. Each cellular user j is allocated at most one resource

block for uplink transmission from the set R, where C < R. If a D2D pair chooses

to operate in cellular mode, the BS will assign an orthogonal resource block from

the set R to the D2D pair. Whereas, if a D2D pair chooses to operate in dedicated

mode, then the D2D pair must wait to see if there are any remaining resource

blocks that are not being used, before being allocated an orthogonal resource block.

Otherwise, the D2D pair in dedicated mode, may have to wait till a resource block

become available or choose to operate in reuse mode. Hence, D2D pairs in cellular

mode and dedicated mode do not receive or cause any interference within the

network, as they are each assigned an orthogonal resource block. On the other

hand, the BS allocates D2D pairs operating in reuse mode non-orthogonal resource

blocks, that is, D2D pairs in reuse mode will reuse/share part of a cellular user’s

uplink resources. We assume that each D2D pair in reuse mode can only share

part of once cellular user’s resource block at a time, while more than one D2D pair

in reuse mode can share the same cellular user’s resources. Therefore, D2D pairs

operating in reuse mode will cause the BS to suffer interference, while paired D2D

receivers will suffer interference from the cellular user and all other non-paired

D2D transmitters sharing the same resource block (intra-cell interference). The

interference generated from other communication cells within the network (inter-

cell interference) is out of the scope of this paper, and it is assumed to be managed
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Figure 4.1: D2D communication system topology for all three transmission modes.
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by a suitable inter-cell interference management scheme, based on power control

and resource allocation, such as in [85] and [33].

Fig. 4.1 is an illustrative example of D2D communication system topology,

where three cellular users (c1, c2, c3) are transmitting to the BS (uplink), four D2D

pairs (d1, d6) are operating in dedicated mode, three D2D pairs (d2, d4, d5, d7,

d8) are operating in reuse mode, and one D2D pair (d3) is operating in cellular

mode. Cellular user c1 shares it’s resources with D2D pair d7. D2D pairs d2 and d5

both reuse the same uplink resources from cellular user c2, and D2D pairs d4 and

d8 shares the same uplink resources as cellular user c3. The intra-cell interference

generated, due to resource block sharing (D2D pairs in reuse mode) is also outlined

for cellular user c1 in Fig. 4.1. The example scenario considered in Fig. 4.1 is quite

simple and can be extended to a more complex situation with many more users

and BSs.

The channel rate of D2D pair i in reuse mode, reusing the uplink resources of

cellular user j, is given as follows:

rdi,RM = log2

(
1+ (4.1)

pdi|gdi,di|
2

pcj|gcj,di|
2 +

∑
x∈X
x 6=i

pdx|gdx,di|
2 + N0

)
. (4.2)
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The uplink channel rate of cellular user j who is sharing its uplink resource with a

set X of X D2D pairs, is given by:

rcj,RM = log2

(
1 +

pcj|gcj,BS|
2

∑
x∈X pdx|gdx,BS|

2 + N0

)
, (4.3)

where pdi is the transmit power of D2D pair i; pcj is the transmit power of cellular

user j; a set X of X D2D pairs reusing the same cellular user’s resource block; pdx

is the interfering transmit power of D2D pair dx ∈ X ; and N0 is the AWGN power.

The channel gain, ga,b, between transmitter a and receiver b, is considered to

be a slowly time-selective flat Rayleigh fading channel model (small-scale fading),

given by:

ga,b = APLASSF

(
ζ0
ζa,b

)α
2

, (4.4)

where APL is the free space path loss channel attenuation; ASSF is the small-scale

fading channel attenuation with fixed normalised Doppler spread; ζ0 is the reference

distance between the transmitter and receiver; and α is the path loss exponent.

Moreover, the channel rate of D2D pair i in dedicated mode, is given by:

rdi,DM = log2

(
1 +

pdi|gdi,di|
2

N0

)
. (4.5)

D2D pairs in cellular mode communicate via the BS, hence the channel rate

takes into account the uplink SINR γdi,UL (at the BS) and downlink SINR γdi,DL

(at the D2D pair receiver). The channel rate of D2D pair i in cellular mode is given

by:

rdi,CM = log2 (1 + min{γdi,UL, γdi,DL}) , (4.6)

γdi,UL =
pdi,UL|gdi,BS|

2

N0

, γdi,DL =
pBS|gBS,di|

2

N0

, (4.7)

pdi,UL is the uplink transmit power of D2D pair transmitter i; and pBS is the

downlink transmit power of the BS. We assume that the BS transmit power is

much larger than D2D pair transmit power, as the BS is less resource constrained

than D2D users [94, 95]. Thus, the channel rate of D2D pair i in cellular mode is

given by: rdi,CM = log2 (1 + γdi,UL).

The uplink channel rate of cellular user j whose resources are not being shared
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with any D2D pair/s, is given as follows:

rcj = log2

(
1 +

pcj|gcj,BS|
2

N0

)
. (4.8)

Even though D2D communications offloads traffic and demand on the BS, D2D

users require assistance in selecting a particular transmission mode to operate in.

In fact, D2D pairs operating in reuse mode can cause severe intra-cell interference,

which is a major problem in D2D communications. Thus, D2D pairs in reuse

mode must find a suitable cellular user’s uplink resource block to reuse, while

ensuring cellular user performance does not degrade. Power control is an effective

tool to reduce intra-cell interference, which also reduces user transmit power. To

ensure interference within the network will not degrade any user’s QoS, we place a

threshold on channel rate for both cellular users and D2D pairs, as follows:

rcj ≥ rc ∀ j ∈ C, (4.9)

rdi ≥ rd ∀ i ∈ D, (4.10)

where channel rate and SINR are dependent on one another, such that threshold

SINR is given as follows, γ = 2r − 1. Hence, we assume that, cellular users must

achieve target channel rate rc before supporting any D2D pairs in reuse mode. If

any cellular user is operating below target channel rate, this will cause network

performance to degrade and intra-cell interference to significantly increase.

4.2 Non-cooperative Cross-Layer Repeated Game

Here, we propose a non-cooperative cross-layer repeated game. In this game, we

adopt two games to make up our proposed game, which are a non-cooperative

power control game and a two-armed bandit game. Both games are applied si-

multaneously to solve the cross-layer mode selection and power control algorithm,

such that D2D users can minimise their transmit power and operate in ideal trans-

mission mode. The proposed game first solves the non-cooperative power control

game for both cellular and D2D users, i.e. maximising each player’s utility function

for each transmission mode with respect to their selected action (transmit power),

thus obtaining updated transmit powers for all cellular and D2D users. D2D users
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in the non-cooperative power control game calculate the utility function for both

transmission modes. The game then derives ideal mode selection using the results

of D2D users from the non-cooperative power control game in the two-armed ban-

dit game. Note that, in the proposed non-cooperative cross-layer repeated game,

we consider only reuse mode and cellular mode. Hence, depending on the out-

come of the two-armed bandit game for each D2D user, this will determine which

transmission mode is selected and the corresponding transmit power that will be

updated for the next time slot.

The non-cooperative cross-layer repeated game is defined as:

Definition 4.1 The proposed non-cooperative cross-layer repeated game is defined

by GMS-NPC = (N ,Ai, ui(·)), where N is the finite set of players; Ai is the action

set for each player i ∈ N ; and Ui(·) is the individual utility function for D2D pairs

and cellular users.

The proposed non-cooperative game is finitely repeated for T times, 0 ≤ t ≤ T ,

and contains imperfect information, which means that all cellular and D2D users

select their actions simultaneously (i.e. players do not know what their neighbours

selected actions are). The finite set of players for the proposed non-cooperative

game consists of cellular users and D2D pairs, i.e., N = C ∪D. The finite strategy

set for each D2D pair i ∈ D consists of two strategies, i.e., one strategy from each

game adopted, Ai = [Apci , Aarmi
]. Hence, the strategy set for the non-cooperative

power control game is transmit power, which is denoted as, Apci = [pmin, pmax]. On

the other hand, the strategy set for the two-armed bandit game is D2D mode selec-

tion, where D2D pairs can select to operate in either reuse mode or cellular mode.

Each adopted game has their own utility, thus, for each player i ∈ N the utility

for the proposed non-cooperative game, is given by, ui(·) = [upci(·), uarmi
(·)]. Each

utility function best describes the performance of the D2D pair for the respective

game.

4.2.1 Non-cooperative Power Control Game

The non-cooperative power control game Gpc = [N , Apci , upci(·)], focuses on min-

imising transmit power for both cellular and D2D users such that the game produces

a power efficient outcome and minimises interference further. The action set im-

plemented for each player is transmit power, which is a finite set and is bounded by
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a minimum transmit power and maximum transmit power, pmin
i ≤ pi ≤ pmax

i . The

utility function for the non-cooperative power control game for both cellular and

D2D users, is defined in [167]. The chosen utility function is a trade-off between

maximising SINR and minimising transmit power, which will ensure good signal

quality at the receiver without large latency periods. The utility function, upccj for

cellular user j ∈ C, and the utility function, upcdi,⋄ , for D2D pair i ∈ D, are given

by:

upccj(pcj) = −wipcj − vi (γc − γcj)
2 , (4.11)

upcdi,⋄(pdi,⋄) = −wipdi,⋄ − vi (γd − γdi,⋄)
2 , (4.12)

where ⋄ represents a D2D pair in either cellular mode (CM), upcdi,CM
or reuse mode

(RM) upcdi,RM
); wi > 0 and vi > 0 are positive constants to ensure all parts of (4.11)

and (4.12) have the same magnitude; and γ − γi is the SINR error, which is the

difference between target SINR and received SINR of user i ∈ N .

The transmit power for pi of each user i ∈ N belongs to a non-empty, convex,

and compact subset of Euclidean space R
|N |. Each user i finds the best response

transmit power, by maximising its utility function, upci , with respect to transmit

power, as follows:

maximise
pi

upci(pi) ∀i ∈ N

subject to pmin ≤ pi ≤ pmax.

Therefore, once optimal transmit power has been found for each user i ∈ N ,

each D2D pair can then determine a transmission mode, using the two-armed band

game theoretic approach.

4.2.2 Two-Armed Bandit Game

The two-armed bandit game Garm = [N , Aarmi
, uarmi

(·)], focuses on selecting an

arm using a Poisson distribution, as defined in [90]. In this game, we considered

only two arms, as D2D pairs can either select to operate in cellular mode or reuse

mode. Note that, in this game, cellular users are always fixed in cellular mode, i.e.,

traditional cellular communications. The arm strategy for D2D pair i selecting

reuse mode, is given by, αdi,RM(t) ∈ {0, 1}, whereas the arm strategy for D2D

pair i selecting cellular mode, is dependent on the outcome of the reuse mode arm

strategy and is given by, αdi,CM(t) = 1 − αdi,RM(t) [90]. To solve the proposed
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two-armed bandit game, a balancing method is adapted from [90], which is based

on a Levy-bandit approach. Hence, a D2D pair i will determine its arm strategy,

as follows:

αdi,RM(t) =





0, if ρ(t) < ρ∗,

1, if ρ(t) > ρ∗,
(4.13)

where ρ(t) is the likelihood of reuse mode being selected more than cellular mode

(i.e., the belief of a D2D pair at any time), and ρ∗ is the threshold belief. Thus,

the belief of D2D pair i, is defined as [90]:

ρ(t) =
ρ(t− 1) exp(−αdi,RM(t)βδ)

1 − ρ(t− 1) + ρ(t− 1) exp(−αdi,RM(t)βδ)
, (4.14)

where ρ(t − 1) is the prior belief of D2D pair i, β is an intensity factor, and δ is

the time step duration. Furthermore, the threshold belief of D2D pair i, ρ∗, is a

function of D2D pair i’s utility from the non-cooperative power control game, for

both cellular mode and reuse mode, and is given by [90]:

ρ⋆ =
ω max(upcdi,CM

)

(ω + 1)(max(upcdi,RM
) − max(upcdi,CM

)) + ω max(upcdi,CM
)
, (4.15)

where ω = r
β

and r is a discounted reward; max(upcdi,CM
) is the maximisation of

the utility for D2D pair i in cellular mode with respect to transmit power; and

max(upcdi,RM
) is the maximisation of the utility for D2D pair i in reuse mode with

respect to transmit power.

In the two-armed bandit game, the utility function uarmi
is referred to as an

expected accumulated discounted reward, as defined in [90] and [172]. The expected

accumulated discounted reward for all D2D users in any transmission mode given

a prior belief, is as follows [90,172]:

uarmi
= maximise(E[Ri]),

∴ uarmi
= E

[∫ T

t=0

r exp(−rt)
(

(1 − αdi,RM)upcdi,CM
+ αdi,RMupcdi,RM

ρ
)
dt|ρ(0)

]
,

(4.16)

where the expected reward is defined in terms of the current selected mode, and

utility functions from the non-cooperative power control game for both cellular

mode and reuse mode. We have modified the upper limit of the integral from ∞
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to T, as t is finite and bounded between 0 and T in our proposed model.

In addition to maximising the expected accumulated discounted reward for all

D2D users, the regret bounds should also be minimised. Regret is defined as the

difference between the expected accumulated discounted reward and the optimal

arm strategy [173,174]. In the context of the proposed two-armed bandit algorithm,

when a D2D user is determining the best transmission mode (arm strategy) based

on the reward in (4.16), the D2D user will regret choosing a transmission mode

(arm strategy) that is not the optimal strategy.

4.2.3 Non-Cooperative Cross-Layer Repeated Game Sta-

bility Analysis

To solve the proposed non-cooperative cross-layer repeated game, we consider the

concept of a Nash equilibrium. The Nash equilibrium is a stable point in the

game, where no player has incentive to increase their payoffs without changing their

strategy unilaterally, given all other player’s strategies. The Nash equilibrium for

our proposed non-cooperative cross-layer repeated game is defined as:

Definition 4.2 The combined transmit power and mode strategy vector A∗ =

[Apc,Aarm] = [(p∗1, α
∗
1), (p

∗
2, α

∗
2), . . . , (p

∗
N , α

∗
N)] for every player i ∈ N , there exists a

Nash Equilibrium for each stage of the proposed non-cooperative repeated game,

if the following is satisfied:

ui([p
∗
i , α

∗
i ], [p

∗

−i
,α∗

−i
]) ≥ ui([pi, αi], [p

∗

−i
,α∗

−i
]) ∀i ∈ N , (4.17)

where p∗i is an element of p∗ which is the best response transmit power of user

i ∈ N ; p∗

−i
are elements of p∗ which are the best response transmit powers of all

other users, other than user i; and α∗
i is an element of α∗ which is the best response

mode selection of D2D pair i ∈ D.

Remark 4.1 Applying both utility functions, for the non-cooperative power control

game (at the physical layer) and the two-armed bandit game (at the network layer),

results in a unique Nash Equilibrium.

Proposition 4.1 The unique Nash Equilibrium, i.e., the best response for each

player, is fully defined over all game stages.
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Based on the above definition and proposition, each user i ∈ N aims to max-

imise their corresponding utility functions, by choosing optimal transmit power for

cellular users, and optimal transmit power and mode selection for D2D pairs. We

will analyse each utility function from the non-cooperative power control game and

the two-armed bandit game, to show that there exists a Nash Equilibrium for the

proposed non-cooperative cross-layer repeated game.

Proposition 4.2 The utility function defined in the non-cooperative power control

game for any user i ∈ N is strictly concave and continuous with respect to user i’s

transmit power.

Proof: See Appendix B.1. �

Proposition 4.3 The utility function defined in the two-armed bandit game for

any user i ∈ N is strictly concave and continuous with respect to user i’s belief.

Proof: See Appendix B.2 �

Remark 4.2 For the game to have a Pareto-efficient outcome, both the non-

cooperative power control game and the two-armed bandit game need to be included.

Proposition 4.4 The game is Pareto-efficient when transmit power is minimised

and optimal mode is selected in our proposed non-cooperative cross-layer repeated

game.

Proof: A Pareto-efficient outcome is fully defined over the entire action set and

players, according to the proposed algorithm, where after a finite number of stages

T , operating at the unique Nash Equilibrium for both power and mode, implies

that the outcome is Pareto-efficient across all players. �

4.3 Cross-Layer Coalitional Game Formulation

Here, we propose a fully distributed cross-layer resource utilisation framework based

on coalitional game theory [35, 91–96, 99, 101] for D2D communications. The pro-

posed cross-layer coalitional game will enable D2D pairs to cooperatively form

clusters (coalitions) based on mode selection and resource allocation, in a fully dis-

tributed manner. Within a cluster, D2D pairs cooperate and share resources fairly
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amongst one another, in order to improve D2D user performance and in particu-

lar cellular user performance. The proposed coalitional game model is applied to

network-assisted D2D communications.

However, since network-assisted D2D communications assumes that the BS has

global knowledge (complete CSI) of the network, this approach may lead to sig-

nalling overhead and network complexity to significantly increase. Additionally,

due to the exponential increase in the number of users in the network, thus, the

BS will be required to assist more D2D pairs in selecting a transmission mode. In

fact, in practical scenarios, the BS may not be able to obtain global knowledge of

the network (complete CSI) in a timely manner, or when the network is large scale.

Therefore, we extend the proposed coalitional game to also consider user-assisted

D2D communications, which enables D2D pairs to select a suitable transmission

mode to operate in without BS assistance (i.e., partial CSI). In the user-assisted

scenario, the role of the BS is to assist D2D pairs with authentication processes,

scheduling, and resource allocation, that is, the fundamental mechanisms of com-

munications with partial CSI [16,31]. Although user-assisted D2D communications

may cause D2D pairs to increase power consumption and latency [16], the proposed

user-assisted scenario will enable a realistic clustering approach for D2D pairs, such

that signalling overhead and network complexity is not increased.

4.3.1 Cross-Layer Coalitional Game Overview

In this section, we introduce the proposed CLC game framework to cooperatively

cluster D2D pairs, in order to reduce transmission power, increase channel rate,

and utilise resources more efficiently. The proposed CLC game combines a mode

selection and resource allocation coalitional game (main game), along with a dedi-

cated mode resource allocation sub-problem and an interference management sub-

problem. Moreover, we outline how the main coalitional game interacts with each

sub-problem (and vice versa).

Let N = C ∪ D be the set of players, which consists of all cellular users and

D2D pairs within the network. Within the proposed game, D2D pairs aim to form

cooperative clusters based on mode selection and resource allocation, where D2D

pairs and cellular users form a set F . We assume a fixed cluster structure, where

the set of clusters F is a collection of F disjoint clusters. That is, the number of

clusters considered, equals the number of orthogonal resource blocks allocated to
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users in the network. A cluster Fπ ∈ F is defined as a subset of N , such that
⋃R

π=1 Fπ = N , where ∀Fπ,Fπ′ ∈ F , if Fπ′ 6= Fπ, then Fπ′ ∩ Fπ = ∅. Moreover,

the set of clusters F can be broken down into smaller subsets based on D2D pair

mode selections, i.e., F = DRM ∪ DCM ∪ DDM where DRM is the set of D2D pairs

selecting reuse mode, DCM is the set of D2D pairs selecting cellular mode, and

DDM is the set of D2D pairs selecting dedicated mode.

Definition 4.3 A cross-layer coalition formation game is defined by GCLC =

(N , v,F), where N is the finite set of players; v is the non-transferable coali-

tion value that captures the individual utilities of D2D pairs and cellular users;

and F is the set of coalitions.

Initially, cellular users are partitioned into singleton clusters (that is, the BS

allocates each cellular user an orthogonal resource block), where all D2D pairs

within close proximity (satisfying the threshold distance for direct communication

and QoS constraints) are randomly partitioned across all clusters (that is, clustering

based on resource sharing). Thus, forming the set DRM , such that
⋃

Fπ∈DRM
Fπ =

C. Any remaining D2D pairs not within close proximity will operate in cellular

mode and are partitioned into singleton clusters (that is, the BS allocated D2D pairs

in cellular mode an orthogonal resource block). Thus, forming the set DCM ⊂ F .

Fig. 4.2 shows the proposed CLC game framework, and the relationships be-

tween the main game (red block) and the sub-problems (blue blocks). Within the

CLC game, optimal D2D mode selection is determined in the mode selection and

resource allocation coalitional game and the dedicated mode resource allocation

sub-problem. Moreover, the coalitional game determines if D2D pairs are to op-

erate in reuse mode or cellular mode, and the dedicated mode resource allocation

sub-problem determines which D2D pairs in reuse mode will be allocated orthog-

onal spectrum.

Firstly the BS checks if there are any idle orthogonal resource blocks available

within the network to allocate to D2D pairs in reuse mode (ensuring that there is

a sufficient amount of resource blocks available if a cellular user joins the network

or if D2D pairs switch to cellular mode). If resource blocks are available, the ded-

icated mode resource allocation sub-problem (Section 4.3.3.1) determines suitable

D2D pairs operating in reuse mode to allocate an orthogonal resource block to.

Thus, D2D pairs switch transmission mode from reuse to dedicated, which directly

maps to partitioning D2D pairs into singleton clusters and forming the set of D2D
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BS checks for any idle resource blocks to al-

locate to D2D pairs operating in reuse mode.

Initial clustering of D2D pairs and cel-

lular users: F = DRM ∪ DCM

Dedicated mode resource allocation sub-

problem (Section 4.3.3.1) for D2D pairs in

DRM . Update coalition partition F , and DDM .

Interference management sub-problem: D2D

pair scheduling (Section 4.3.3.2) for D2D

pairs in DRM . Update coalition partition F .

Coalitional game (Section 4.3.2) for D2D pairs in

DRM and DCM . Update coalition partition F .

Interference management sub-problem: Power control (Sec-

tion 4.3.3.2) for all D2D pairs and cellular users in coali-

tion Fπ ∈ F , ∀Fπ ∈ F . Update coalition partition F .

yes

no

Figure 4.2: Proposed CLC game framework to solve resource utilisation in D2D
communications. The red block indicates where the network-assisted or user-
assisted schemes are considered.
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pairs operating in dedicated mode DDM ⊂ F . Next, the interference management

sub-problem schedules D2D pairs in reuse mode across all clusters, in order to re-

duce intra-cell interference within the network (Section 4.3.3.2). Then, all D2D

pairs operating in cellular mode DCM and reuse mode DRM , determine their most

preferred transmission mode or resource sharing cellular user, in the mode selection

and resource allocation coalitional game (Section 4.3.2). Finally, the interference

management sub-problem also considers a power control sub-game (Section 4.3.3.2),

to determine optimal transmit power for each user in cluster Fπ ∈ F , ∀Fπ ∈ F ,

while guaranteeing (4.9) and (4.10). Thus, after each game/sub-problem in the

proposed CLC game, the coalition partition F is updated accordingly. The process

is repeated for a finite number of stages.

The red block in Fig. 4.2, indicates a different implementation scheme, to ac-

commodate for the network-assisted and user-assisted scenarios.

Remark 4.3 There are three types of clusters out of a total of R disjoint clus-

ters, which reflect the three transmission modes for D2D pairs: (i) D2D pair i in

dedicated mode forms a singleton set, {i}; (ii) D2D pair i in cellular mode forms

a singleton set, {i}; (iii) D2D pair i in reuse mode forms a cluster with a total of

X D2D pairs sharing the same resource block, which makes up the set X , X ⊂ D,

plus one cellular user.

4.3.2 Mode Selection and Resource Allocation Coalitional

Game

In this section, we propose a D2D mode selection and resource allocation/sharing

coalitional game to cooperatively cluster D2D pairs into coalitions, in order to

reduce transmission power, increase channel rate, and utilise resources more effi-

ciently. We consider the proposed coalitional game for both network-assisted and

user-assisted D2D communication scenarios. This approach is fully distributed and

autonomous, where D2D pairs self-organise into coalitions based on mode selection

(reuse mode and cellular mode), resource allocation, reduced transmit power, and

increased channel rate. The proposed mode selection and resource allocation coali-

tional game is formally defined as follows:

Definition 4.4 A mode selection and resource allocation coalitional game is de-

fined by GC = (Ns, v,S), where Ns is the finite set of rational players; v is the
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coalition value; and S is the set of coalitions.

In our proposed mode selection and resource allocation coalitional game, the

finite set of players Ns consists of cellular users, D2D pairs in reuse mode, and D2D

pairs in cellular mode, Ns = C ∪ DRM ∪ DCM . We assume that cellular users are

fixed in their allocated coalition and cannot change coalitions throughout the game.

The value of coalition Sπ ∈ S, v(Sπ), is non-transferable and is a set of vectors

capturing the individual D2D pair and cellular user utilities within a coalition Sπ.

The set of coalitions S is a collection of S disjoint coalitions, such that S ⊆ F .

A coalition Sπ ∈ S is defined as a subset of Ns, such that
⋃

Sπ∈S
Sπ = Ns, where

∀Sπ,Sπ′ ∈ S if Sπ′ 6= Sπ then Sπ′ ∩ Sπ = ∅.

Each user within a coalition determines its utility, with respect to all other

members in that coalition. In particular, each D2D pair must decide to either

leave their current coalition Sπ and joint a new coalition Sπ′ , such that Sπ 6= Sπ′ ,

or stay in their current coalition. This choice of deciding to leave-and-joint or

stay, maps directly to the D2D mode selection problem for reuse mode and cellular

mode. For example, if D2D pair i is currently operating in reuse mode, they have

two choices, either to switch to cellular mode, switch to another cellular user’s

resource block to reuse, or stay in their current coalition. The proposed utility

function for each user i ∈ Ns, models the trade-off between maximising channel

rate and minimising transmit power. The utility function ui(Sπ) for each user i in

coalition Sπ, is given by:

ui(Sπ) = λiri − ωpi
2, (4.18)

where i is either a D2D pair or cellular user from coalition Sπ ∈ S, Sπ 6= ∅; ri is the

channel rate of user i in coalition Sπ; pi is the transmit power of user i in coalition

Sπ; λi > 0 is a weighting factor that depends on network parameters and user

i ∈ Sπ; and ω is a positive constant. Moreover, the utility for each user in coalition

Sπ depends only on the users in that coalition, this is due to intra-cell interference

only being generated between users utilising the same resource block which are in

the same coalition. Thus, each user’s utility is not affected by members outside of

their coalition (characteristic form).

Remark 4.4 The proposed utility function in (4.18) is strictly concave and contin-

uous with respect to transmit power for each user. This property of the utility func-

tion is very crucial to the interference management sub-problem in Section 4.3.3.2.
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The coalition value v(Sπ) is a set of vectors capturing each members utility

within coalition Sπ, and is a mapping over a nonempty closed convex subset of

R
|Sπ |. The value of coalition Sπ is given as follows:

v(Sπ) =
{
u(Sπ) ∈ R

|Sπ ||ui(Sπ), ∀i ∈ Sπ

}
, (4.19)

where u(Sπ) is a nonempty vector of space R
|Sπ |; and ui(Sπ) is the utility of user

i in coalition Sπ, defined in (4.18), and is an element of u(Sπ).

Remark 4.5 The coalition value defined for the coalition partition S, can be ex-

tended to the proposed CLC game coalition partition F . The characteristic form

for each coalition Fπ is a mapping over a nonempty closed convex subset of R|Fπ |.

The value of coalition Fπ is given by, v(Fπ) =
{
u(Fπ) ∈ R

|Fπ ||ui(Fπ), ∀i ∈ Fπ

}
,

where u(Fπ) is a nonempty vector of space R
|Fπ |; and ui(Fπ) is the utility of user

i in coalition Fπ, defined in (4.18).

Remark 4.6 In the coalitional game, if all D2D pairs decided to operate in reuse

mode and reuse only one cellular user’s uplink resource block at the same time,

this would result in a resource sharing grand coalition. This grand coalition would

cause channel rate to reduce and transmit power to increase, which, in turn, would

result in severe intra-cell interference in the network. Furthermore, the grand

coalition would degrade cellular user QoS, and reduce system capacity, throughput,

and D2D battery lifetime. Thus, a grand coalition is far from optimal for D2D

communications.

4.3.2.1 Network-Assisted Scenario Coalitional Algorithm

In the network-assisted scenario the BS has global knowledge of the network, and is

able to assist D2D pairs in selecting an appropriate transmission mode to operate

in (either cellular or reuse mode), or which cellular users resource block to reuse

(if reuse mode is selected). That is, the BS assists D2D pairs in deciding to either

leave-and-join a new coalition or stay in their current coalition.

The proposed coalition algorithm for the network-assisted scenario is based

on two rules, which are, leave-and-join and Preference-order. The leave-and-join

rule allows D2D pairs to decided to switch coalitions (transmission mode or cel-

lular user’s resource block) if a set of conditions are satisfied. In order for the

D2D pairs to make such a decision, the BS assists each D2D pair in generating a
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Preference-order over all coalitions. A Preference-order is an ordered list of coali-

tion preferences that each D2D pair prefers being a member of, a concept presented

in [67]. The network-assisted Preference-order is defined as follows:

Definition 4.5 Preference-order is defined as a complete, reflexive and transitive

binary relation over the set {Sπ ⊆ D : i ∈ Sπ} [72]. Preference-order is denoted by

≻i, for any D2D pair i ∈ D.

Within the coalitional game, D2D pair i has a Preference-order across all coali-

tions in the set S. For D2D pair i to determine which coalition they prefer being

a member of, they must calculate their utility in both coalitions, as follows:

Sπ ≻i Sπ′ ⇔ ui(Sπ) > ui(Sπ′), (4.20)

where Sπ,Sπ′ ∈ S; S ⊂ F . Equation (4.20) states that the selected D2D pair

i, strictly prefers being a member of coalition Sπ over Sπ′ , as D2D pair i obtains

reduced transmit power and intra-cell interference, plus increased channel rate (that

is, improved utility) in Sπ. The network-assisted leave-and-join rule is defined as

follows:

Definition 4.6 Network-assisted leave-and-join - D2D pair i in coalition Sπ ∈

S, leaves its current coalition and joins a newly preferred coalition, Sπ \ {i} ∈ S,

Sπ′ ∪ {i} ∈ S, where Sπ 6= Sπ′ and π 6= π′, if and only if:

(i) The utility of D2D pair i satisfies the Preference-order rule in (4.20): Sπ′ ≻i

Sπ.

(ii) The average utility of all members in the current coalition and the newly

preferred coalition, must be unchanged or improved:

u(Sπ \ {i}) ≥ u(Sπ), u(Sπ′ ∪ {i}) ≥ u(Sπ′),

∴ u(Sπ) =

∑
i∈Sπ

ui(Sπ)

|Sπ|
.

According to Condition (ii) in Definition 4.6, for D2D pair i to change coalitions,

no user can achieve worse performance on average in coalitions Sπ or Sπ′ , that

is, either increased transmit power or reduced channel rate. Average utility is
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considered instead of sum utility or individual utility (as used in literature [93–95,

99]), as this causes D2D pairs in reuse mode to distribute themselves more evenly

amongst the resource sharing coalitions (that is, the cellular users).

4.3.2.2 User-Assisted Scenario Coalitional Algorithm

The coalition algorithm for the user-assisted scenario, considers modified versions

of network-assisted Preference-order and leave-and-join rules, as defined in Defi-

nition 4.5 and 4.6 respectively. In the user-assisted scenario, the BS has partial

knowledge of the network and is unable to assist D2D pairs to select a transmission

mode to operate in, or which cellular users resource block to reuse.

The user-assisted Preference-order for D2D pair i, considers its current coalition

Sπ with the highest preference, and all other coalitions in the network with equal

and lower preference. Thus, due to the limited assistance of the BS the user-

assisted scenario only considers one coalition at a time, which is D2D pair i’s

current coalition Sπ. Hence, D2D pair i must determine their utility for both reuse

mode (ui,RM) and cellular mode (ui,CM), in order to detremine which transmission

mode to operate in.

Using this modified Preference-order, we propose a user-assisted leave-and-join

rule, which is divided in two parts depending on the transmission mode D2D pair

i is currently in. If D2D pair i is currently operating in reuse mode, user-assisted

leave-and-join rule part-I is defined as follows:

Definition 4.7 User-assisted leave-and-join part-I - D2D pair i in reuse mode

coalition Sπ ∈ S, leaves their current coalition and joins a new coalition, Sπ \{i} ∈

S, Sπ′ ∪ {i} ∈ S, where Sπ 6= Sπ′ and π 6= π′, if and only if, one of the following

conditions is satisfied for D2D pair i:

(i) If ui,RM > ui,CM and ui,RM < utrgt, where ui,RM = ui(Sπ), D2D pair i will

stay in reuse mode and move to the next consecutive reuse mode coalition

Sπ′ . Since D2D pair i’s utility in Sπ is below a utility threshold utrgt, QoS for

the cellular and D2D user is not guaranteed, and thus D2D pair i must find

another cellular user’s resource block to reuse, Sπ′ .

(ii) If ui,CM > ui,RM , where ui,RM = ui(Sπ), D2D pair i will switch transmission

mode from reuse mode (Sπ) to cellular mode (Sπ′), and will be allocated a

free orthogonal resource block from the BS.
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On the other hand, if D2D pair i is currently operating in cellular mode, the

user-assisted leave-and-join rule part-II is defined as follows:

Definition 4.8 User-assisted leave-and-join part-II: D2D pair i in coalition

(cellular mode) Sπ ∈ S, leaves their current coalition and joins a new coalition

(reuse mode), Sπ \ {i} ∈ S, Sπ′ ∪ {i} ∈ S, where Sπ 6= Sπ′ and π 6= π′, if and only

if, ui,CM < ui,RM , where ui,CM = ui(Sπ) and ui,RM = ui(Sπ′).

4.3.3 Sub-Problems in the CLC Game

In the following, we analyse each sub-problem in the proposed CLC game, in order

to minimise intra-cell interference in the network, while improving system capacity

and network performance. We assume a given coalition partition for each sub-

problem, which is updated accordingly after each sub-problem is solved. The sub-

problems in the CLC game include a dedicated resource allocation sub-problem,

D2D pair scheduling sub-problem, and a power control sub-problem.

4.3.3.1 Dedicated Mode Resource Allocation Sub-Problem

The dedicated mode resource allocation sub-problem aims to find D2D pairs in

reuse mode whose utility (payoff) is the worst, where the BS allocates RDM or-

thogonal (dedicated) resource blocks that have been idle for some period of time,

from the set RDM ⊂ R, to those D2D pairs. D2D pairs in reuse mode with worst

utility (payoff) will experience high transmit power and low channel rate, due to re-

ceiving severe intra-cell interference. Allocating orthogonal resource blocks to D2D

pairs in reuse mode, maps to D2D pairs switching from reuse to dedicate mode.

The BS ensures that there will still be a sufficient amount of resource blocks avail-

able within the network, for newly joined cellular users, or D2D pairs switching

to cellular mode. Thus, allocating these D2D pairs to dedicated mode will im-

prove overall network performance and system capacity, while reducing intra-cell

interference in the network.

To determine which D2D pair i ∈ DRM is allocated an orthogonal resource

block from the set RDM , the following minimisation must be satisfied, as follows:

i∗ = min(u(DRM)), (4.21)

where i∗ is the selected D2D pair from DRM , and u(DRM) is a vector of all utilities
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of D2D pairs from DRM . Algorithm 2 solves the dedicated resource allocation sub-

problem, where the dedicated mode resource allocation algorithm is the same for

both network-assisted and user-assisted scenarios.

In particular, the dedicated mode resource allocation sub-problem increases

the number of singleton coalitions, such that DDM ⊂ F ,
⋃

Fπ∈DDM
Fπ = RDM .

Thus, in the CLC game, D2D pairs operating in dedicated mode are fixed in their

singleton coalitions for the remainder of the game. This will ensure that all D2D

pairs in DDM will exhaust the benefits of the allocated resource blocks, and thus

ensuring network performance is not degraded.

4.3.3.2 Interference Management Sub-Problem

D2D pairs in reuse mode, reuse/share a particular cellular user’s resource block.

This results in intra-cell interference between D2D pairs and cellular users, and

other D2D pairs reusing the same resource block. Therefore, we propose a D2D

pair uplink resource scheduling scheme along with a power control sub-game, to

minimise this intra-cell interference.

The proposed D2D pair uplink scheduling scheme for D2D pairs operating in

reuse mode, extends on the current work on ITLinQ by incorporating cellular

user interference and QoS into the scheduling scheme. Thus, the proposed scheme

is called revised-information-theoretic link scheduling (RITLinQ), which aims to

reduce the number of transmitting D2D pairs in reuse mode at any one time, where

all scheduled D2D pairs will transmit in the same time slot. Thus, reducing the

intra-cell interference within the network, while guaranteeing cellular and D2D user

performance.

To determine which D2D pairs are scheduled within each resource sharing coali-

tion, Fπ\{j} ∈ DRM , j ∈ C, the D2D pairs are first randomly prioritised. D2D pair

i with the highest priority is always scheduled (active D2D pair), i ∈ A, A ⊂ Fπ.

The remaining inactive D2D links form the set Q ⊂ Fπ, where each D2D pair

q ∈ Q is selected one at a time in descending order from highest priority, and tests

to see if it satisfies a set of conditions in order to be scheduled for transmission.

Hence, the set of conditions D2D pair q ∈ Q must satisfy, is given as follows:

(i) The interference generated to the cellular user, from all scheduled D2D pairs

in A and the selected D2D pair q ∈ Q, does not cause the cellular user’s QoS

to degrade, thus satisfying (4.9).
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Algorithm 2 Dedicated mode resource allocation sub-problem

1: for i = 1 to |D| do
2: if ζi,i > ζ then
3: BS allocates D2D pair i ∈ DCM a orthogonal resource block;
4: else
5: BS allocates D2D pair i ∈ DRM a non-orthogonal resource block;
6: end if
7: end for
8: BS has RDM idle orthogonal resource blocks for D2D pairs, which form the set

RDM ⊂ R;
9: while RDM 6= ∅ do

10: i∗ = min(u(DRM ));
11: R∗

DM = DRM (i⋆);
12: ⊲ Resource block R∗

DM ∈ RDM has been assigned to D2D pair i∗ ∈ DRM

13: RDM = RDM \ {R∗
DM};

14: DRM = DRM \ {i∗};
15: DDM = DDM ∪ {i∗};
16: end while

(ii) The selected D2D pair q ∈ Q must ensure that it does not receive too much

interference from the already scheduled D2D pairs in A and the cellular user,

by satisfying:

ξ(SNRdq)
η > INRdq,di, ∀i ∈ A, i 6= q, (4.22)

INRdq,di =
pcj|gcj,dq|

2 +
∑A

i=1
i 6=q

pdi|gdi,dq|
2

N0,d

, (4.23)

SNRdq =
pdq |gdq,dq |

2

N0,d
is the signal-to-noise ratio of D2D pair q; INRdq,di is

the interference-to-noise ratio from D2D pair q to D2D pair i; ξ is a tuning

parameter; and η is an exponent.

(iii) The selected D2D pair q ∈ Q must also ensure that they do not cause too

much interference to already scheduled D2D pairs in A and the cellular user,

by satisfying:

ξ(SNRdq)
η > INRdi,dq, ∀i ∈ A, i 6= q, (4.24)

INRdi,dq =
pdq|gdq,BS|

2 +
∑A

i=1
i 6=q

pdq|gdq,di|
2

N0,d

. (4.25)

Furthermore, if D2D pair q ∈ Q is not scheduled in a particular time slot, they

will remain inactive (silent) and wait till the next time slot, where D2D pairs are
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randomly prioritised again within each coalition.

Meanwhile, the power control sub-game aims to minimise transmit power for all

users in coalition Fπ ∈ F , ∀Fπ ∈ F , which also reduces intra-cell interference and

increases power efficiency and D2D user battery lifetime. The set of players in the

power control sub-game, is equal to the set of users within coalition Fπ. The finite

action set for each user i in coalition Fπ is transmit power, pi, which is bounded by

a minimum and maximum. We observe that pi belongs to a nonempty, convex, and

compact subset of Euclidean space R
|Fπ |. The power control sub-game maximises

each user’s utility function, defined in (4.18), with respect to all other members in

the same coalition, in order to solve for optimal transmit power, and is expressed

as follows:
maximise

pi∈Fπ

ui(Fπ) ∀i ∈ Fπ, ∀Fπ ∈ F

subject to pmin ≤ pi ≤ pmax.
(4.26)

Proposition 4.5 The power control sub-game contributes to the stability and

convergence of the overall CLC game.

Proof: See Appendix B.3. �

Thus, the proposed utility function, defined in (4.18), is strictly concave and

continuous with respect to transmit power pi for each user in the proposed CLC

game. From (4.26), the best response (optimal) transmit power p∗i for user i, can

be solved by setting the first derivative of the utility function in (4.18) to zero, i.e.,
∂ui(Fπ)

∂pi
= 0. The best response transmit power p∗i for user i, is given by:

p∗i =
− (Ii + N0)

2|gi,i′ |2

+

√
2λiω (|gi,i′ |2)

2 ln(2) + ω2 (Ii + N0)
2 ln(2)2

2ω|gi,i′ |2 ln(2)
, (4.27)

where i is either a D2D pair or cellular user from coalition Fπ; Ii is the interference

that user i receives in coalition Fπ; and |gi,i′ |
2 is the channel gain of transmitter i to

receiver i′. Hence, the best response transmit power p∗i for each user i, is searched

within {pmin, p
∗
i , pmax}.
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4.4 Distributed Cross-Layer Coalitional Algorithm

To solve the proposed CLC game, we propose a fully distributed algorithm to find a

stable coalition formation for resource utilisation in D2D communications. The pro-

posed distributed algorithm shown in Algorithm 3 considers the network-assisted

scenario, whereas the proposed distributed algorithm in Algorithm 4 considers the

user-assisted scenario. Both algorithms, enables D2D pairs to select optimal trans-

mission mode (optimal cluster formation), while utilising resources efficiently and

minimising intra-cell interference within the network. During the proposed algo-

rithms, it is assumed that the D2D pairs are established (and the number of D2D

pairs in the cell is constant) over a finite time horizon of the game. If any additional

D2D pairs are established in the network or any D2D pairs in the network are ter-

minated, then the new set of D2D pairs will be considered in the next occasion

when the game is played. Note that, the proposed CLC game can be re-initiated

any-time after convergence, with the new set of D2D pairs. Hence, Algorithm 3 and

Algorithm 4 outputs the stable coalition partition and the best response transmit

power for D2D pairs and cellular users.

4.5 Cross-Layer Coalition Game Stability and Com-

putational Cost Analysis

Next, we analyse the convergence and stability of the coalition partition in the

proposed CLC algorithms for the network-assisted and user-assisted D2D commu-

nication scenarios. The computational cost of the CLC algorithms is also analysed.

4.5.1 Stability Analysis

The stability of the proposed CLC game is defined by the core of the game and

Nash stability. Note that, core stability does not imply that the game is also Nash

stable1. Nash stability for our proposed CLC game is defined as follows:

Definition 4.9 The coalition partition F∗ = {F1,F2, . . . ,Fπ}, is Nash stable for

every player i ∈ D if i ∈ Fπ, Fπ ∈ F∗, and Fπ �i Fπ′ ∪ {i} for all other coalitions

1Nash Stability is an efficiency measure for coalitional games, which is different to that of
Nash Equilibrium, which is a best response condition for non-cooperative games.
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Algorithm 3 CLC game: Network-assisted D2D communications

1: Input: Set of D2D pairs D and cellular users C, initial formed coalitions: F t=0 =
{DRM ∪ DCM ∪ C};

2: while t ≤ T do
3: if RDM 6= ∅ then
4: Run Algorithm 2. Update F t, DDM , DRM , and RDM ;
5: end if
6: Run RITLinQ protocol (see Sec. 4.3.3.2) for each resource sharing coalition Fπ,

where Fπ \ {j} ⊂ DRM , j ∈ C. Update F t;
7: Selected coalition: Fπ ∈ S;
8: for (i = 1 to |Fπ|) & (i ∈ D) do
9: ⊲ Use leave-and-join Def. 4.6;
10: if i satisfies Def. 4.6 then
11: D2D pair i leaves current coalition Fπ \ {i} and joins coalition Fφ ∪ {i},

where Fπ 6= Fφ and Fφ ∈ F t;
12: else
13: D2D pair i stays in current coalition Fπ;
14: end if
15: end for
16: Run Power control sub-game ∀n ∈ Fπ, n ∈ N , ∀Fπ ∈ F ;
17: Update coalition value: ∀Fπ ∈ F t;
18: Update coalition partition: F t+1 = F t;
19: t = t+ 1;
20: end while
21: p∗n = pn(T )∀n ∈ N ;
22: Output: Coalition partition FT and p∗n∀n ∈ N .

Fπ′ ∈ F∗, F∗ ∪ {∅}, i /∈ Fπ′ [72].

Individual stability and contractual individual stability are additional stability

conditions [72,73] which need to be considered when analysing the stability of the

coalition partition in the proposed CLC game. Nash stability is the strongest notion

of stability for coalition partition, which ensures that no player has incentive to

leave a coalition. On the other hand, individual stability states that no player has

incentive to move from their current coalition to a new coalition, if all members

of the new coalition are negatively impacted [72, 73]. Furthermore, contractual

individual stability consists of even tighter bounds, which states that no player has

incentive to move from their current coalition to a new coalition, if all members in

the current and new coalition are negatively impacted [72,73].

Remark 4.7 If the coalition partition F satisfies the concept of Nash stability,

then this implies individual stability and contractual individual stability are also

satisfied [72].



100 D2D Mode Selection and Resource Allocation in D2D Networks

Algorithm 4 CLC game: User-assisted D2D communications

1: Input: Set of D2D pairs D and cellular users C, initial formed coalitions: F t=0 =
{DRM ∪ DCM ∪ C};

2: while t ≤ T do
3: if RDM 6= ∅ then
4: Run Algorithm 2. Update F t, DDM , DRM , and RDM ;
5: end if
6: Selected coalition: Fπ ∈ F t;
7: if Fπ ∈ S then
8: Run RITLinQ protocol (see Sec. 4.3.3.2) for resource sharing coalition Fπ,

where Fπ \ {j} ⊂ DRM , j ∈ C. Update F t;
9: for (i = 1 to |Fπ|) & (i ∈ D) do
10: ⊲ Use leave-and-join Def. 4.7 or Def. 4.8;
11: if i satisfies Def. 4.7 or Def. 4.8 then
12: D2D pair i leaves current coalition Fπ \{i} and joins coalition Fφ∪{i},

where Fπ 6= Fφ Fφ ∈ F t;
13: else
14: D2D pair i stays in current coalition Fπ;
15: end if
16: end for
17: Run Power control sub-game ∀k ∈ Fπ, k ∈ N ;
18: else
19: Run Power control sub-game ∀k ∈ Fπ, k ∈ N ;
20: end if
21: Update coalition value: Fπ ∈ F t;
22: Update coalition partition: F t+1 = F t.
23: t = t+ 1;
24: end while
25: p∗n = pn(T )∀n ∈ N ;
26: Output: Coalition partition FT and p∗n∀n ∈ N .

Theorem 4.1 The coalition partition F in our proposed CLC game is Nash stable

across all cellular and D2D users.

Proof: See Appendix B.4. �

Remark 4.8 The proof for Nash stability and social efficiency for the coalition

partition for the network-assisted or user-assisted D2D communication scenarios,

yields the same outcome.

Moreover, the core of a coalitional game, is a coalition partition such that no

player wishes to deviate [175]. To prove that the core of the proposed CLC game

exists and is non-empty, we define two properties, that is, the common ranking

property and the weak top-coalition property, for the network-assisted and user-

assisted CLC games, respectively. The common ranking property for our proposed
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network-assisted CLC game, is defined as follows:

Definition 4.10 The network-assisted CLC game GCLC satisfies the common rank-

ing property iff there exists a Preference-order (as defined in Definition. 4.5), such

that for any D2D pair i ∈ D and any Fπ,Fπ′ ∈ F , where Fπ 6= Fπ′ , we have

Fπ �i Fπ′ [175].

Remark 4.9 Since the proposed network-assisted CLC game satisfies the common

ranking property defined in Definition 4.10, this property guarantees that the core

of the network-assisted CLC game GCLC is non-empty.

On the other hand, the weak-top coalition property for our proposed user-

assisted CLC game, is defined as follows:

Definition 4.11 Given a non-empty set F ⊆ N , a non-empty subset Fπ ⊆ F is

a weak top-coalition of F iff coalition Fπ has an ordered partition such that (i)

for any D2D pair i ∈ Fπ and any Fπ′ ⊆ F with i ∈ Fπ′ , where i ∈ D, we have

Fπ �i Fπ′ ; and (ii) for any D2D pair i ∈ Fπ and any Fπ′ ⊆ F with i ∈ Fπ′ , such

that i ∈ D, we have Fπ′ ≻i Fπ where Fπ′ ∩ Fπ = ∅. The user-assisted CLC game

GCLC satisfies the weak top-coalition property iff for a non-empty set of players

F ⊆ N , there exists a weak top-coalition of F [175].

Remark 4.10 Since the proposed user-assisted CLC game satisfies the weak top-

coalition property defined in Definition 4.11, this property ensures that the core of

the user-assisted CLC game GCLC is non-empty.

From the proof of Definition 4.9, social efficiency of the game directly implies

that the coalition partition is Pareto efficient [176]. Pareto efficiency is defined as

follows:

Definition 4.12 The coalition partition F = {F1,F2, . . . ,Fπ}, is Pareto efficient

if there is no partition F ′, F 6= F ′, such that F ′(i) �i F(i) ∀i ∈ D, and for at

least one player m ∈ D, F ′(m) ≻ F(m) [72, 177].

4.5.2 Computational Cost

The computational cost for the proposed CLC game is different for network-assisted

and user-assisted D2D communication scenarios. In the network-assisted scenario,
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due to evaluating all D2D pairs and cellular users in their coalitions simultane-

ously, this results in a computational cost of O(N ), where N = C ∪ D. However,

the network-assisted scenario will cause an increase in signalling overhead and net-

work complexity, due to the BS needing global knowledge of the network. The

computational cost for the game in the user-assisted scenario is O(R N ), due

to evaluating each coalition separately. Hence, the computational cost, for the

user-assisted scenario, scales linearly with the number of resource blocks R in the

network, when compared to the network-assisted algorithm. However, note that,

signalling overhead and network complexity, is different to computational cost for

the game. Moreover, there is a trade-off between computational cost, signalling

overhead, network complexity, and the BS’s knowledge of the network.

4.6 Simulation Results

For our simulations, we consider a single BS located at the center of a circular area

with a 500 meter radius. D2D pairs and cellular users are distributed randomly

throughout the network. All users encounter a time-selective slow and flat Rayleigh

fading channel, with a normalised Doppler spread of 0.002, which, for example,

could correspond to a maximal Doppler frequency of 4 Hz with a game iteration

occurring at 0.5 ms intervals. A fixed number of resource blocks within the network

is considered, where the number of resource blocks maps directly to the number

of coalitions in the game. Thus, the total number of available resource blocks

considered in the CLC game is R = 36. The utility function for each player in

(4.18) has the following constants w = 1 and b = 2. The rest of the simulation

parameters are outlined in Table 4.1.

In the simulation results, instead of plotting each transmission mode for D2D

pairs (cellular mode, dedicated mode, and reuse mode), we plot the average of all

transmission modes combined, which is referred to as D2D pairs in the simula-

tion plots. The proposed CLC game is evaluated using Monte Carlo simulations

with varying cellular users C and resource blocks R. We compare our proposed

CLC algorithm against a baseline coalitional algorithm, given in [94], and the pro-

posed non-cooperative cross-layer repeated (NCL) algorithm from Section 4.2, i.e.,

based on our work in [77]. The baseline coalitional algorithm [94] and the NCL

algorithm [77], both consider D2D pairs only in cellular mode and reuse mode.
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Table 4.1: Simulation Parameters
Parameter Value
Cell radius 500 m
Carrier frequency 2 GHz
Maximum distance between D2D pairs 50 m
D2D pair reference distance 25 m
Cellular user reference distance 250 m
Doppler spread (fDTs) 0.002
Cellular free space path loss attenuation (APL) 10−4.32

D2D free space path loss attenuation (APL) 10−3.32

Path loss exponent for cellular users (α) 3.76
Path loss exponent for D2D pairs (α) 4
Number of cellular users per cell (C) 21
Number of D2D pairs per cell (D) 80
Cellular and D2D transmit power range 0-23 dBm
Cellular user threshold SINR (γc) 6 dB
D2D pair threshold SINR (γd) 3 dB
AWGN power (N0) -110 dBm
RITLinQ tuning parameter (ξ) 21
RITLinQ exponent (η) 0.3

Fig. 4.3 shows the network sum power of all users in the network over time.

We observe that the proposed network-assisted CLC algorithm and user-assisted

CLC algorithm, minimises network sum power on average and converges to an

optimal outcome. Due to considering RITLinQ in the CLC algorithm, the number

of D2D pairs reusing a cellular user’s resource is reduced, thus causing intra-cell

interference to reduce. Hence, there is considerable benefit to the individual user

performance and overall network performance, when users form cooperative groups

and aim to maximise such a common objective. For the network-assisted CLC

algorithm, on average, the network sum power is reduced by around 3.8% compared

to the user-assisted CLC algorithm, 12.6% compared to the NCL algorithm, and

23.9% compared to the baseline coalition algorithm. Whereas, the user-assisted

CLC algorithm reduces network sum power by around 9.2% compared to the NCL

algorithm, and 20.9% compared to the baseline coalition algorithm. In addition,

the proposed CLC algorithm shows some slight oscillation, due to the number of

scheduled D2D pairs in reuse mode changing in each game iteration. Thus, the

network-assisted CLC algorithm outperforms the user-assisted CLC algorithm in

terms of network sum power, due to D2D pairs in the user-assisted scenario having

to select their transmission mode without the assistance of the BS.
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Figure 4.3: Network sum power across
all users in the network.
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Figure 4.4: Network sum rate across all
users in the network.

Fig. 4.4 shows the dynamics of network sum rate for all users in the network. We

observe that the proposed network-assisted CLC algorithm and user-assisted CLC

algorithm, maximises network sum rate on average and converges to an optimal out-

come. As shown in Fig. 4.4, the user-assisted CLC algorithm and network-assisted

CLC algorithm maximise the network sum rate, compared to the baseline coali-

tional algorithm, and the NCL algorithm. Hence, the user-assisted CLC algorithm,

on average, increases network sum rate by around 2.1% compared to the network-

assisted CLC algorithm, 30.6% compared to the NCL algorithm, and 31.8% com-

pared to the baseline coalition algorithm. On the other hand, the network-assisted

CLC algorithm increases network sum rate by around 30.3% compared to the NCL

algorithm, and 31.5% compared to the baseline coalition algorithm.

Fig. 4.5 shows the network sum rate across all users, under different numbers

of cellular users C, while fixing the number of available resource blocks at, R = 44.

We observe that as the number of cellular users increases under the current network

conditions, there comes a point where increasing the number of cellular users is no

longer beneficial, due to reducing the number of available resource blocks for D2D

pairs to operate in dedicated mode. For R = 44 and D = 80, the proposed network-

assisted CLC algorithm increases network sum rate by around 3.8% compared to

the user-assisted CLC algorithm, by around 39.1% compared to the NCL algorithm,

and by around 39.4% compared to the baseline coalition algorithm. The user-

assisted CLC algorithm increases network sum rate by around 33.9% compared

to the NCL algorithm, and by around 34.3% compared to the baseline coalition



4.6 Simulation Results 105

9 15 21 27

Cellular users (C)

600

700

800

900

1000

1100

1200

N
e
tw

o
rk

 s
u
m

 r
a
te

 (
b
p
s
/H

z
)

CLC network-assisted, R = 44

CLC user-assisted, R = 44

Coalitional game [88]

NCL game [71]

Figure 4.5: Network sum rate as a func-
tion of cellular users C.
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Figure 4.6: Network sum rate as a func-
tion of resource blocks R.

algorithm.

Moreover, in Fig. 4.6, we show the network sum rate across all users, under

different numbers of resource blocks R, while fixing the number of cellular users

at C = 27 and D2D pairs at D = 80. Increasing the number of resource blocks

within the network directly maps to increasing the number of coalitions within

the proposed CLC game. As the number of coalitions within the proposed CLC

game is increased, more dedicated resource blocks become available for D2D pairs to

operate in dedicated mode, which, in turn, reduces the number of D2D pairs reusing

cellular user’s resources (spreading the load more evenly across the coalitions). The

proposed network-assisted CLC algorithm increases network sum rate by around

3.4% compared to the user-assisted CLC algorithm, by around 24.7% compared

to the baseline coalition algorithm, and by around 43.9% compared to the NCL

algorithm. Whereas, the user-assisted CLC algorithm increases network sum rate

by around 20.6% compared to the baseline coalition algorithm, and by around

39.1% compared to the NCL algorithm.

Fig. 4.7 shows the number of active (scheduled) D2D pairs in reuse mode,

under different numbers of cellular users C. We observe that as the number of

cellular users increase, the number of active D2D pairs in reuse mode without

RITLinQ increases at a constant rate, while the number of active D2D pairs in

reuse mode with RITLinQ increases at a slightly faster rate. Due to increasing the

number of cellular users within the network, the D2D pairs in reuse mode have

more cellular user resource block’s to reuse, thus the number of D2D pairs reusing
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Figure 4.7: Number of active D2D pairs
in reuse mode as a function of cellular
users C.
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Figure 4.8: Number of active D2D pairs
in reuse mode as a function of resource
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a particular cellular user’s resource block is reduced, which, in turn, reduces the

intra-cell interference within the network. Furthermore, as the number of resource

blocks increase from R = 28 to R = 52, we observe that the number of D2D pairs

in reuse mode decreases and thus the number of active D2D pairs also decrease, due

to more resource blocks becoming available for D2D pairs to operate in dedicated

mode. On average, the proposed CLC algorithm with RITLinQ reduces the number

of active D2D pairs in reuse mode at a given time by around 5.5% for R = 28,

compared to the CLC algorithm without RITLinQ. While the CLC algorithm with

RITLinQ reduces the number of active D2D pairs in reuse mode at a given time

by around 4.8% for R = 52, compared to the CLC algorithm without RITLinQ.

Fig. 4.8 shows the number of active (scheduled) D2D pairs in reuse mode,

under different numbers of resource blocks R. We observe that as the number of

resource blocks increase, the number of active D2D pairs in reuse mode without

RITLinQ decreases at a constant rate, while the number of active D2D pairs in

reuse mode with RITLinQ decreases at a slightly slower rate. Since dedicated

mode was considered in the D2D mode selection, as the number resource blocks

within the network increases, the number of D2D pairs switching from reuse to

dedicated mode will also increase, thus, reducing intra-cell interference and the

number reusing D2D pairs. Additionally, as the number of cellular users increase

from C = 9 to C = 27, we observe that the number of D2D pairs in reuse mode

increase, due to reducing the number of free resource blocks for D2D pairs to
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operate in dedicated mode. Thus, on average, the proposed CLC algorithm with

RITLinQ reduces the number of active D2D pairs in reuse mode at a given time

by around 7.45% for C = 9, compared to the CLC algorithm without RITLinQ.

Whereas, the CLC algorithm with RITLinQ reduces the number of active D2D

pairs in reuse mode at a given time by around 3.4% for C = 27, compared to the

CLC algorithm without RITLinQ. Moreover, in Fig. 4.7 and Fig. 4.8, the CLC

algorithm with and without RITLinQ is very efficient and consistent with respect

to the number of active D2D pairs in reuse mode and varying resources within the

network. The proposed CLC algorithm with RITLinQ provides further benefit to

the network, by allocating and utilising resources more efficiently.

4.7 Summary of Contributions

In this chapter, we jointly optimised D2D mode selection, resource allocation, and

interference management in a fully distributed and autonomous manner. In addi-

tion, we also investigated two network scenarios, i.e., a network-assisted scenario

and a user-assisted scenario. Hence, in this chapter we answered questions Q3, Q4,

and Q5, posed in Section 1.2.

Firstly, we proposed a network-assisted non-cooperative mode selection and

power control game to solve this joint optimisation, by modelling the problem using

a non-cooperative power control game and a two-armed bandit game. Analysis, of

the proposed non-cooperative game, demonstrated convergence to a unique Nash

Equilibrium. Then, we extended the non-cooperative cross-layer repeated game

to a cross-layer coalitional game with a non-transferable utility, where D2D pairs

partitioned themselves into coalitions in a fully distributed manner, based on mode

selection and resource allocation. In order to further reduce intra-cell interference

within the network, our proposed coalitional game also incorporated scheduling

D2D pairs reusing cellular user resources, along with power control for all users

in the network. Hence, the proposed cross-layer coalitional game based algorithm,

was shown to converge to a Nash stable coalition partition, which is also socially

efficient and has a non-empty core. Furthermore, the proposed network-assisted

coalitional game was extended and modelled using a user-assisted approach, where

the BS only has partial knowledge of the network. The user-assisted coalitional

game based algorithm was also shown to converge to a Nash stable outcome.
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Overall, the proposed coalitional game (for either network-assisted or user-

assisted scenarios) was the most suited approach for D2D mode selection, com-

pared to the non-cooperative game approach. Indeed, the coalitional game enabled

D2D users to dynamically switch and continuously change their transmission mode,

whereas in the proposed non-cooperative game, once a mode selection change had

occurred for a D2D user then they would no longer be able to switch transmission

modes again. This is due to the non-cooperative and pure strategy nature of the

proposed non-cooperative cross-layer game. In addition, the coalitional mode se-

lection approach also took into consideration the effects of other players when a

D2D pair has sought to switch to a different transmission mode, such that if one

user was to be negatively impacted due to this change, then a D2D pair was not

permitted to change their transmission mode. Thus, this improved overall network

performance and increased throughput for the coalitional game approach.

Simulation results showed that, on average, the proposed cross-layer coalitional

algorithm minimises network sum power, whilst maximising network sum rate,

compared to the proposed non-cooperative cross-layer repeated game. In addition,

our simulation results showed that, by increasing the number of cellular users or

resource blocks within the network, there is an increase in network sum rate, in con-

junction with allocating and utilising resources more efficiently within the network.

Thus, the proposed coalition game based algorithm significantly increased system

capacity and throughput, compared to the non-cooperative cross-layer game based

algorithm.



Chapter 5

Correlation-Aware Clustering in

M2M Networks

Chapters 3 and 4 have focused on resource management and end-user satisfaction

for D2D communications in current and future cellular networks, where such D2D

communications enable users who are within close proximity to transmit directly

between one another, without relaying through a BS. Thus, D2D communications

is an integral part of alleviating network congestion, traffic, and demand on the

BS. Importantly, the concept of D2D communications can be extended from CTDs

to MTDs, which is referred to as M2M communications, which is a fundamental

implementation domain for emerging IoT systems. Such M2M communications

enables MTDs to share data via a direct link to one another.

In this chapter, we consider the problem of self-organising, correlation-aware

clustering for a massive number of MTDs densely deployed in a cellular network.

In such dense networks, MTDs sense an environment and transmit their data to

the BS via a cellular uplink. However, MTDs are typically located within close

proximity and will gather correlated data, and, thus, large amounts of redundant

bits can be transmitted to the BS. In this chapter, we formulate this problem

as a dynamic evolutionary game, where data correlation and transmission power

are modelled as dynamics. In the formulated game, MTDs can self-organise in a

distributed manner to form clusters, based on data correlation. To derive the utility

function for the proposed evolutionary game model, we use stochastic geometry to

accurately model and characterize the distance distributions between MTDs which,

in turn, allows the derivation of a closed-form upper bound (worst-case) expression

for the inter-cluster interference. The utility function per cluster, is defined as a

function of MTD distance distributions, inter-cluster interference, and cluster size.

109
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The proposed evolutionary game based algorithm converges to a stable cluster

formation, which is robust to a small portion of MTDs changing their strategy at

the stable outcome, due to stochastic changes in the M2M network environment,

such as the joining of new MTDs, MTD loss of battery, or rapid fluctuations in the

sensing environment. In this regard, we also derive the maximum portion of MTDs

that can deviate from the stable cluster formation, while still maintaining a stable

cluster formation. Hence, simulation results show that the proposed approach can

effectively cluster MTDs with highly correlated data which, in turn, enables those

MTDs to eliminate a large number of redundant bits.

This chapter is organised as follows. In Section 5.1, we define the system model

and problem formulation for correlation-aware clustering of MTDs. In Section 5.2,

an evolutionary game based on data correlation and transmission energy is pro-

posed to cluster a massive number of MTDs, and in the system design for this

game stochastic geometry is used to characterize distances and inter-cluster in-

terference. Section 5.3 outlines the proposed algorithm. Within Section 5.4, the

proposed evolutionary game stability is analysed. Simulation results are illustrated

in Section 5.5. Finally, Section 5.6 concludes the chapter.

5.1 System Model

Consider the uplink of a wireless cellular network having a single BS serving a

massive number of MTDs engaged in M2M communications. All MTDs in the set

M are randomly deployed in a 2D space R
2, where the location of each MTD m

is denoted by ym, ∀m ∈ M, and is based on a Poisson point process (PPP) ΦM =

{ym ∈ R
2|m ∈ M} with density λm. Since in practical M2M networks, two or more

MTDs cannot be placed at the same given point in the network, where the number

of MTDs are placed within a finite area A < ∞ [178]. Hence, the PPP model for

the massive number of MTDs is said to be locally finite, that is, Mf is the set of

locally finite MTDs where Mf ⊂ M and |Mf | < ∞ [178]. We assume that MTDs

gather data from a Gaussian random field, as this model represents an upper bound

for the number of bits needed to encode a source field [44, 152, 179]. Considering

the Gaussian distribution will result in maximum entropy across all distributions,

which means that MTDs will transmit with maximum packet size [179]. Thus,

the data source sm for each MTD m, is a Gaussian random variable with mean
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µm and variance σ2
m [44]. Here, we use entropy to model the information of each

MTD’s data. Let each MTD quantize its continuous Gaussian data source with

a sufficiently small quantization step ∆. We use the entropy Hm to measure the

number of bits each MTD’s quantized data source [44]:

Hm =
1

2
log2

(
2πe

∆2
σ2
m

)
. (5.1)

In this network, each MTD m sends its data via a cellular link to the BS. We

use a given resource allocation mechanism for the cellular links. The BS allocates

orthogonal resource blocks to each MTD for the cellular link, based on an orthog-

onal frequency-division multiple access (OFDMA) system. A finite set Z of Z

resource blocks are used for cellular link transmission, with fixed bandwidth B Hz

per resource block, during each time slot t with a fixed duration T . Each MTD

m is allocated one resource block z ∈ Z and a transmit power pm ∈ [0, Pmax] for

cellular link transmission. The transmission power per resource block z ∈ Z that

MTD m requires to send Hm bits over the cellular link during each time slot is:

pm(t) =

(
BN0

gm(t)(z)

)(
2

Hm
TB − 1

)
, (5.2)

where gm(t)(z) is the channel gain of MTD m over the cellular link on resource

block z; and N0 is the noise power spectral density.

In the uplink of the cellular networks, the number of available orthogonal re-

source blocks have been designed to suit the needs of CTDs. Thus, the number of

available resource blocks for each MTD is limited, and as a result, not all MTDs

will be allocated orthogonal resources to transmit sensing data to the BS, which

may incur data/information to be lost. However, due to the dense deployment of

MTDs, MTDs within close proximity will gather correlated data [44]. For exam-

ple, sensors in the same room usually record similar measurements, and thus, the

data correlation is high. Hence, multiple MTDs will send a large number of redun-

dant bits (same information) to the BS. Next, we introduce a correlation-aware

clustering scheme that will enable a massive number of MTDs to cooperatively

form clusters by sharing their data via M2M links. Particularly, clustering allows

a reduction in the number of MTDs accessing the cellular uplink, thus saving or-

thogonal resources in the uplink for CTDs. Here, we note that, since massive M2M

networks are locally finite, then the average number of MTDs per cluster is also



112 Correlation-Aware Clustering in M2M Networks
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Figure 5.1: Illustration example of clustering in an M2M network.

finite [180,181].

5.1.1 Problem Formulation

The goal of correlation-aware clustering is to decrease the number of redundant

bits sent to the BS, so as to decrease transmission power, increase energy-efficiency

and prolong MTD battery lifetime. Within each cluster, an MTD is designated as a

cluster head and all cluster members send their data via an M2M link to the cluster

head. The cluster head relays the collected data to the BS over the cellular link.

Before transmission, the cluster head coordinates and eliminates the redundant

bits of the shared data (i.e., perform data aggregation), in order to reduce the size

of the transmitted packets [45,182,183]. We assume the cluster head is selected by

an existing scheduling algorithm, e.g., [140,184], or [185].

Since the massive number of MTDs are located in a finite area, the number of

MTDs within this area are locally bounded, and the BS can allocate orthogonal

resource blocks to each cluster head for the cellular link transmission. Thus, to

improve network efficiency and reduce the number of allocated orthogonal resource

blocks for each cluster, the BS can allocate the same set of resource blocks for

M2M communications. Note that, as we focus on the clustering process, we assume

that the resource allocation within each cluster is given and that the cellular and

M2M transmission use orthogonal resources. In order to ensure that sufficient

orthogonal resources can be allocated to each cluster head when the number of
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clusters in the network is large, our system model incorporates the fast uplink grant

scheme discussed in [186, 187], and [188]. Hence, within each cluster, the resource

blocks are allocated equally and orthogonally to all cluster members, excluding

the cluster head (e.g., see [18, 147] and [150]). Consequently, we only need to deal

with inter-cluster interference caused by MTDs in different clusters simultaneously

reusing the same resource block. Furthermore, this resource block allocation is

suitable for M2M links since they typically consist of low power and small data

transmission [18].

For a reference cluster head, e.g., MTD i located at yi, is equipped with omni-

directional antennas, i.e., we assume an MTD can transmit in any direction. Hence,

MTD i has an M2M link coverage area of radius rn. We model the area around

MTD i as a circular ball (sphere) b(yi, rn), which forms a cluster Ki,n of n MTDs

on average, where n = ⌊λmπr
2
n⌋ and λm is the network density. Note that, MTDs

selected as a cluster head will follow an independent thinning process of the MTD

PPP, which will generate another PPP based on a smaller density than compared to

the network density [52, 178]. Those MTDs within the ball (i.e., cluster members)

are independently and uniformly distributed. The maximum average number of

MTDs in a cluster is N , where N = ⌊λmπr
2
N⌋, and rN is the maximum distance

from the reference cluster head i, such that the communication between the MTDs

and the cluster head is reliable.

A typical cluster, determines a bounded threshold region for short range com-

munications, which is defined as follows:

Definition 5.1 A typical cluster Ki,n is defined as a disjoint cluster centered

around reference cluster head i located at yi (the same point as the ball) and

consists of n MTDs on average. The typical cluster Ki,n is a subset of the set of

MTDs, Ki,n ⊆ M, that covers a bounded region with radius rn, and an average

number of n = ⌊λmπr
2
n⌋ MTDs.

Based on Definition 5.1, the average number of MTDs within the typical cluster

Ki,n is a function of the cluster radius rn and the location of cluster head yi. We

assume that the MTDs form a collection of massive disjoint clusters K, where no

other cluster overlaps with any other cluster in the network. A cluster Ki,n ∈ K

is a subset of M, where
⋃

Ki,n∈K
Ki,n = M and Ki,n ∩ Kj,n = ∅ ∀i 6= j. The

MTDs within each cluster can be marked, which essentially links the MTD to a

certain cluster. Therefore, the MTD locations within each cluster can be modeled
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Table 5.1: The maximum average number of MTDs for different densities and radii.
Density (λm) Radius (rN) N = ⌊λmπr2N⌋

0.36 5 m 28

0.27 7 m 41

0.18 11 m 68

0.09 18 m 91

by the marked PPP [178]. Fig. 5.1 represents an illustrative example of a ball

and a typical cluster, in the M2M network. Within the ball, we consider a typical

cluster Ki,n ∈ K with average cluster size n, and a reference cluster head located

at the center of the ball and the typical cluster. Thus, the index i of the typical

cluster Ki,n directly relates to the average cluster size n, which also denotes the

average number of MTDs within the cluster (including the reference cluster head).

As shown in Fig. 5.1, MTDs outside of the ball will cause inter-cluster interference

to the reference cluster head i over the M2M link. As illustrated in Fig. 5.1, we

consider an example scenario, where cluster Ki,n has a radius rn and a maximum

cluster radius of rN . In cluster Ki,n and cluster Kj,n, MTDs 4 and 6 respectively,

share the same allocated resource block and are transmitting to their respective

cluster head simultaneously. Thus, MTD 6 from cluster Kj,n will cause inter-

cluster interference to the M2M link from MTD 4 to cluster head i in cluster Ki,n.

Furthermore, since the location of MTDs are based on the realization of the PPP,

we outline the average number of MTDs for a given network density λm and radius

rN , using N = ⌊λmπr
2
N⌋. If we consider a circular area with a 2000 m radius and a

network density λm = 0.09, then the average number of MTDs within the network

would be N = 1.13× 106. Meanwhile, if the network density is λm = 0.36 then the

average number of MTDs within the network would be N = 4.52 × 106. Table 5.1

outlines examples for the actual number of MTDs within a cluster, given the radius

rN and network density λm.

We assume that, within any typical cluster Ki,n ∈ K during time slot T , each

MTD m must be able to send Hm bits, as given by (5.1), to the reference cluster

head i. Therefore, the transmission rate Rmi of the M2M link between each cluster

member m ∈ Ki,n \ {i} and cluster head i, must be greater than or equal to

the threshold bit rate Hm

T
, that is, ∀m ∈ Ki,n \ {i} : Rmi ≥ Hm

T
. Based on

the Gaussian random field model, the collection of data streams generated by n

MTDs, si = [sm]n×1, from all of the MTDs in cluster Ki,n will follow a multi-

variate Gaussian distribution [44]. To model the joint information of data within
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Table 5.2: Summary of the notations used throughout this work.

Notation Description

ΦM PPP modelling the locations of MTDs.

λm Density of φM .

ΦIn PPP modelling the locations of interfering MTDs.

λIn Density of φIn .

gmi(t) Channel gain power between MTD m and MTD i at time slot t.

ν Path loss exponent for all M2M and cellular links, where ν > 2.

Ki,n Typical cluster with radius rn and MTD i as the cluster head; subset of
MTDs Ki,n ⊂ M.

n Average size of a typical cluster Ki,n, where n = ⌊λmπr2n⌋.
N Maximum average number of MTDs per cluster.

rN Maximum distance from the reference cluster head i, i.e., the maximum
cluster radius.

pm; qm Transmit power via the: cellular link, pm ∈ [0, Pmax], and the M2M link,
qm ∈ [0, Qmax].

Hm Individual joint entropy of MTD m.

HKi,n
Joint entropy of cluster Ki,n.

each cluster, we use the notation of a joint entropy derived in [189]. Since the

number of MTDs considered in our system model is massive and follows a PPP,

the location of MTDs are random and deriving the exact distance between the

cluster members and the cluster head can be computationally expensive. In order

to simplify our model, we assume the worst-case scenario of joint information in

each cluster, i.e., the maximum transmission distance rn is considered to derive

the maximum number of transmission bits (joint entropy) HKi,n
for cluster Ki,n is

given by [189]:

HKi,n
= Hm + Hm(n− 1)

(
1 −

α
rn
c

+ 1

)
, (5.3)

where α = log2(e)
log2(2πe)

and c is a correlation constant that describes the statistical and

spatial relationship between the MTDs. The correlation constant c characterizes

the spatial correlation in the data [189], i.e., the correlation constant normalises

the maximum radius of the cluster, rn.

The M2M link transmission power qmi ∈ [0, Qmax] from MTD m to MTD i in

cluster Ki,n, depends on the inter-cluster interference, number of transmission bits

Hm, and channel gain. Thus, the transmission power qmi that is used to send Hm

bits from MTD m ∈ Ki,n to the reference cluster head i ∈ Ki,n, is given by:
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qmi(t) =

(
I−i(t)

gmi(t)

)(
2

Hm
TB − 1

)
, (5.4)

where I−i(t) is the inter-cluster interference from MTDs in other clusters K−i =

{Kj|Kj ∈ K, i 6= j} that are transmitting concurrently to their respective cluster

heads over the same resource blocks. The channel gain between MTD m and MTD

i is given by gmi(t) = ξ(t)At

(
4πdmi

µ

)−ν

, where ν is the path loss exponent, dmi

is the distance between MTD m and i, µ is the wavelength of an electromagnetic

wave, ξ(t) is the time-varying fading channel attenuation, and At is the antenna

gain of the transmitter and receiver. For simplicity, we ignore the thermal noise

based on the assumption that it is negligible compared to the interference. For a

quick reference, the notation used in this paper is listed in Table 5.2.

5.1.1.1 M2M Link Distance

We derive an expression for M2M link distance within the typical cluster Ki,n and

the reference cluster head i, by substituting the channel gain expression, gmi(t) into

(5.4), and rearranging for dmi, as follows:

qmi(t) =




I−i(t)

ξ(t)At

(
4πdmi

µ

)−ν



(

2
Hm
TB − 1

)
,

∴ dmi =
µ (qmi(t)ξ(t)At)

1
ν

4π
((

2
Hm
TB − 1

)
I−i(t)

) 1
ν

. (5.5)

Given (5.5) and assuming maximum M2M link transmission power is used qmi(t) =

Qmax for all MTDs within cluster Ki,n, the maximum M2M link distance is:

Dmi =
µ (Qmaxξ(t)At)

1
ν

4π
((

2
Hm
TB − 1

)
I−i(t)

) 1
ν

, (5.6)

where the maximum radius for reference cluster head i is rN = Dmi.

Since the number of MTDs within the network is massive, instead of obtaining

exact locations of all MTDs, we characterize the data correlation within each cluster

based on the distance distributions of MTDs. Also, as the distance between MTDs

decreases, the covariance between MTD data will increase, which in turn, causes
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the joint entropy of the cluster to decrease.

Based on the stochastic geometry [178,180] and PPP distribution assumption,

we consider a k-closest MTD approach, where MTD m ∈ Ki,n \ {i} is the kth

closest MTD to cluster head i. For doing so, we sort the distances (“order” the

distances) from cluster head i to all MTDs in cluster Ki,n, in ascending order.

For cluster Ki,n, we define an ordered set of distances Di = {d(k)i}k=1:n−1, such

that d(1)i ≤ d(2)i ≤ . . . ≤ d(k)i ≤ . . . ≤ d(n−1)i. Since the random variables of

the sequence Di are independent and identically distributed (i.i.d.), the probability

distribution function of the distance from the kth closest MTD to cluster head i,

will be given by [190]:

f
(k)
Di

(d) =
(n− 1)!

(k − 1)!(n− 1 − k)!
FDi

(d)k−1fDi
(d)×

(
1 − FDi

(d)
)n−1−k

, (5.7)

where d = d(k)i, fDi
(d(k)i) =

2d(k)i
r2n

for 0 ≤ d(k),i ≤ rn, and FDi
(d(k)i) =

d2
(k)i

r2n
for

0 ≤ d(k),i ≤ rn.

5.1.1.2 Total Transmission Power per Cluster

The total transmission power of a typical cluster Ki,n can be defined as the summa-

tion of transmission powers over all M2M links and the cellular link within cluster

Ki,n. Following (5.2) and (5.4), the total transmission power PKi,n
(t) of cluster Ki,n

is given by:

PKi,n
(t) =

∑

m∈Ki,n\{i}

qmi(t) + pi(t),

=
∑

m∈Ki,n\{i}

(
I−i(t)

gmi(t)

)(
2

Hm
TB − 1

)
+

(
BN0

gi(t)

)(
2

HKi,n

TB − 1

)
. (5.8)

Equation (5.8) shows how the correlation-aware clustering scheme works. As the

correlation between MTD data within the cluster decreases, the total transmission

power of the typical cluster Ki,n will increase. This is because the cluster head has

to send more bits via the cellular link. From (5.8), with decreasing joint entropy,

the cellular link transmit power will also decrease.



118 Correlation-Aware Clustering in M2M Networks

However, finding an optimal and centralized cluster formation for a massive

number of MTDs in a densely deployed M2M network is not realistic due to the

high complexity and signalling overheads. In addition, the signalling overhead can

further increase due to the dynamics of the MTD network that can stem from

various factors, such as the joining of new MTDs, MTD loss of battery, or rapid

fluctuations in the sensing environment.

Next, we propose a distributed correlation-aware MTD clustering framework

based on evolutionary game theory [191–193] for a massive number of MTDs. Ac-

curate modelling of the M2M network topology becomes a key step towards mean-

ingful performance analysis of correlation-aware clustering. To perform such mod-

elling, prior to formulating the game, in Section 5.1.1.1 we characterized the dis-

tance distributions between MTDs, then we will use stochastic geometry tools [178,

180] to determine inter-cluster interference. Based on these system parameters, we

propose an evolutionary game model that can effectively capture the dynamics

pertaining to a massive number of possible MTD cluster formations. At the con-

vergence point, an evolutionary game is robust to potential deviations of MTDs

that can result from factors such as, MTDs leaving/entering the network, or rapid

fluctuations in the sensing environment. The proposed model based on stochas-

tic geometry and evolutionary game theory, can help network designers predict

how design parameters, such as the density of MTDs, transmission power, resource

block bandwidth, and duration time slot, will affect the evolutionary stable clusters

of MTDs.

5.2 Correlation-Aware Evolutionary Game in a

Massive M2M network

In this section, we propose an evolutionary game [61, 71, 191–195] for clustering a

massive and locally finite number of MTDs, in order to reduce transmission power

for each MTD as well as the number of redundant bits sent to the BS. This approach

is distributed, as it allows a massive number of MTDs to self-organise into clusters

based data correlation. In order to define a tractable utility expression for this

evolutionary game, we use stochastic geometry to determine the distribution of

the inter-cluster interference to all cluster members, excluding the reference cluster

head.
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We consider an upper bound for inter-cluster interference1 for all MTDs in

cluster Ki,n. As explained before, inter-cluster interference is caused by when an

MTD in K−i = {Kj|K ∈ K, i 6= j} simultaneously reusing the same resource blocks.

The distance between an interfering MTD in K−i and cluster head i ∈ Ki,n is greater

than the cluster radius, rn. We consider the worst case interference by assuming at

least one interfering MTD is located in each cluster outside of Ki,n, i.e., the number

of interfering MTDs is equal to K \Ki,n. Then, based on the distance distributions

between MTDs, the mean inter-cluster interference for a typical cluster head, is

given as follows [178]:

E(In) = E



∑

y∈ΦIn

qAtξ(t)

(
4π

µ

)−ν

‖y‖−ν


 ,

= qAtξ(t)

(
4π

µ

)−ν ∫

R2\b(yi,rn)

λIn‖x‖
−νdx,

∴ E(In) = qAtξ(t)

(
4π

µ

)−ν (
1

πr2n

)∫ ∞

rn

∫ 2π

0

r−νrdθdr, (5.9)

where interfering MTDs follow a PPP ΦIn with density λIn = 1
πr2n

, rn is the radius

of a typical cluster, and ν > 2. Solving the integration in (5.9) for radius rn, we

have [178]:

E(In) = 2qAtξ(t)

(
4π

µ

)−ν (
1

rνn(ν − 2)

)
. (5.10)

Based on (5.10), as the network density increases, this causes the inter-cluster

interference to also increase due to the increasing number of MTDs in the net-

work. Additionally, as the radius of the typical cluster rn increases, the number of

interfering MTDs is reduced and so is the inter-cluster interference.

5.2.1 Evolutionary Game

We define the cluster type in the evolutionary game as follows:

Definition 5.2 A cluster type j ∈ S represents the average number of MTDs

within a cluster, that is, an average cluster of size j.

Thus, the proposed evolutionary game can be formally defined as follows:

1Here, we note that, we consider the worst case inter-cluster interference.
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Definition 5.3 An evolutionary game is defined by, GE = (M,S,x, u), where M

is a massive set of MTDs (population), S = {1, . . . , N} is the finite set of cluster

types (pure strategy set), x is the population state, and u is the utility function of

a cluster.

In our proposed evolutionary game, each cluster belongs to a finite set of cluster

types S = {1, 2, . . . , N}, where a cluster of type 1 is considered to be a singleton

cluster. Here, N = ⌊λmπr
2
N⌋ is the maximum average cluster size for any cluster

head within the ball, with rN being the maximum M2M range which is equal to

Dmi in (5.6).

The population state vector x ∈ R
N , where

∑
j∈S xj = 1, captures the percent-

age of MTDs forming different average cluster sizes. Thus, each element xj of x

represents the average percentage of MTDs forming a cluster size j. The utility

achieved by a given cluster Ki,j at time slot t is denoted as uKi,j
(t). Note that,

within the ball b(yi, rj), we consider one cluster whose cluster head is located at

yi in the network.

We derive a utility function that captures the average transmission power per

MTD per cluster Ki,j and globally reflects the joint actions of all MTDs within the

cluster. We assume that, MTDs are cooperative. The closed-form expression of

the proposed utility function at time slot t, uKi,j
(t), can be derived as follows.

Definition 5.4 The utility function uKi,j
(t) when typical cluster Ki,j chooses type

j, at t is:

uKi,j
(t) = −

1

j

(
1

Atξ(t)

)(
4πrj
µ

)ν (
2 (j − 1)E(Ij)

2 + ν

)
×

(
2

Hm
TB − 1

)
−

1

j

(
BN0

gi

)
×


2

Hm+Hm(j−1)



1− α
rj
c +1





TB − 1


− δj, (5.11)

where j = ⌊λmπr
2
j ⌋ is the cluster type and the average number of MTDs within a

typical cluster Ki,j, i.e., the average cluster size..

The proposed utility function in (5.11) includes three main terms. In the first

term, we model the average transmission power of M2M links across all MTDs

m ∈ Ki,j \ {i} to the reference cluster head i, as defined in (5.4). In the second
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term of the utility function, we capture the cellular link transmit power of cluster

head i to the BS, as defined in (5.2). Lastly, the third term captures the cluster size,

where δ ∈ [−1, 1] is a tunable parameter that leverages the costs associated with

the preference of forming smaller/larger sized clusters: δ < 0 puts more emphasis

on forming larger sized clusters on average to eliminate more redundant bits and

reduce MTD transmission power, and δ > 0 puts more weight on minimising the

cost of the signalling overhead in the proposed utility. Varying δ between −1

and 1 shows the performance switching from a larger to a smaller sized cluster

when δ crosses above 0. Since we are considering a massive number of MTDs, the

utility function also takes into account the MTD distance distributions, as defined

in (5.7), and inter-cluster interference, as defined in (5.10), in order to accurately

model MTD average transmission power. See Appendix C.1 for the derivation of

(5.11). Hence, depending on the cluster type of the typical cluster and the value of

δ, this will affect the average number of MTDs within the cluster and the average

transmission power per MTD per cluster. In general, MTDs will prefer to form

a larger sized cluster on average (that is, a high cluster type), with higher data

correlation as the number of redundant bits will increase (corresponding to the

send part of the utility function in (5.11)), which in turn will reduce MTD’s energy

consumption.

5.2.2 Dynamics of Cluster Formation

Evolutionary game theory uses biologically-inspired dynamics to model how indi-

vidual MTDs form different types of clusters (i.e., cluster of different sizes) over

time [61, 71]. We assume that the percentage of MTDs that select cluster type

j ∈ S is xj, where xj ∈ [0, 1] is an element of the population state vector x.

To update the percentage of MTDs selecting cluster type j, we adopt properties

from continuous-time replicator dynamics (see [61, 71], and [196]). Over time, the

MTDs in a cluster Ki,j will update their preference in x and will become more

certain about what cluster type they would prefer to form [71,196]. In continuous-

time replicator dynamics, the rate of MTDs selecting cluster type j is proportional

to the difference between the fitness of cluster type j and the average expected

fitness of the population [61, 195]. The fitness of a type is defined as the average

payoff of that type, and is a function of the population state x. The evolution of
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cluster type j, is given by:

ẋj(t) = xj(t)(uKi,j
(x, t) − UKi

(x, t)), (5.12)

where uKi,j
(x, t) is the fitness of cluster Ki,j with average size j, and UKi

(x, t) is the

average expected fitness of the population. The fitness of cluster type j, is defined

as:

uKi,j
(x, t) =

∑

j′∈S

uKi,jj′
(t)xj′(t), (5.13)

where for all j, j′ ∈ S, uKi,jj′
(t) = uKi,j

if uKi,j
≥ uKi,j′

, or uKi,jj′
(t) = uKi,j′

if

uKi,j′
> uKi,j

, and uKi,j
is given by (5.11). The average expected fitness of the

population, UKi
(x, t), is given by:

UKi
(x, t) =

∑

j∈S

uKi,j
(x, t)xj(t). (5.14)

The evolution of cluster type j for the MTD population in (5.12) can be either

greater than, less than, or equal to zero. If ẋj is greater than 0, this implies that

the fitness of cluster type j is greater than the average expected fitness of the

population, and thus the percentage of the population selecting cluster type j is

increasing. If ẋj is less than 0, this indicates that the percentage of the population

selecting cluster type j is decreasing, that is, cluster type j is growing extinct.

When ẋj is equal to 0 then, we have a stationary point for the percentage of MTDs

selecting cluster type j (an evolutionary equilibrium for cluster type j). Thus, no

MTD has incentive to change their cluster type from j, as the fitness of cluster

type j is equal to the average expected fitness of the population.

Within the proposed evolutionary game, conflicts between MTDs may arise,

which are reflected in the replicator dynamics, in (5.12) [197, 198]. For example,

a conflict may arise between MTDs within cluster Ki,j, where j < N , and other

MTDs outside of the cluster that can potentially become a cluster member. For

instance, the conflict could be pertaining to the cluster size preference that max-

imises the fitness for a particular cluster size. If such a conflict occurs, then this

may cause a decrease in the fitness for certain cluster types, which may lead to

certain cluster sizes becoming extinct [61,197,198]. In order to resolve such a con-

flict, MTDs involved in the conflict will update/change their cluster type preference

(membership) over time, until the conflict is resolved. The proposed evolutionary
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game approach can naturally enable such updates.

5.3 Proposed Algorithm

To solve the proposed evolutionary game, we propose a distributed algorithm to

find a stable cluster formation for correlated-aware clustering in M2M communica-

tions. The proposed distributed algorithm, shown in Algorithm 5, enables a massive

number of MTDs to autonomously update their type to form the best cluster. To

clarify how Algorithm 5 works, we have included a flow chart in Fig. 5.2. The

network operator defines the cluster head selection policy, as outlined in Phase I in

Fig. 5.2. Then during Phase III, at each iteration, MTDs update their preferences

for each cluster type, where the cluster head is selected based on the defined policy.

Thus, as we can see from Fig. 5.2 and (5.11), the cluster formation in the proposed

evolutionary algorithm depends on the defined cluster head selection policy. Here,

we assume a cluster head selection policy whereby cluster members share the role

of cluster head for an equal amount of time. During the dynamic cluster formation

process in Algorithm 1, MTDs will determine a consensus of the data sampled from

MTDs within each cluster. If for instance, an MTD loses its battery power at time

slot t + 1, during the cluster formation process, its cluster type preference changes

from xj(t) > 0 and becomes xj(t + 1) = 0, ∀j ∈ S. Thus, the MTD has no cluster

type preference over the set S. Meanwhile, during the cluster formation process, if

an MTD is unable to update its status/preference within a cluster, then the MTD

will need to wait till the next round or iteration, before it can be updated. Hence,

Algorithm 5 outputs the population state, x◦, which includes the percentage of

MTDs in the population selecting a cluster type from the strategy set.

5.4 Evolutionary Game Stability Analysis

To solve the evolutionary game, we consider the concept of an ESS, which is defined

as:

Definition 5.5 The population state x∗ ∈ R
N is an ESS, if there exists a portion

of MTDs ǫ∗j > 0 for each cluster size j ∈ S, such that for all 0 < ǫ < ǫ∗j and for all
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j ∈ S:

UKi
(x∗

j(t),(1 − ǫ)x∗
−j(t) + ǫx′

−j(t)) >

UKi
(x′

j(t), (1 − ǫ)x∗
−j(t) + ǫx′

−j(t)) (5.15)

where x′(t) ∈ R
N is any population state which is different from x∗(t), i.e., x′(t) 6=

x∗(t) and x′
j(t) is an element of x′(t). In particular, ǫx′(t) represents portion ǫ of

MTDs from the population, that will choose a strategy from the population state

x′(t) instead of x∗(t).

The ESS is robust to a small portion ǫx ∈ (0, 1), ∀ ǫ ∈ (0, ǫx), of MTDs chang-

ing their cluster type. This change in cluster type could be due to the joining of

new MTDs, rapid fluctuations in the sensing environment, or MTD loss of bat-

tery. The replicator dynamics in (5.12) capture the dynamics of distributed MTD

clustering in our proposed algorithm. Hence, at the convergence of the ESS, the

number of possible cluster sizes is constant, and will range from 1 to N . Next, we

prove that the proposed Algorithm 5 converges to a population state x∗, and we

find the maximum portion of MTDs, ǫ, that may deviate from an ESS, based on

Definition 5.5.

Theorem 5.1 The proposed Algorithm 5 converges to a population state, x∗,

which is an ESS for the proposed evolutionary correlation-aware clustering game

in GE. At the convergence, the maximum portion of MTDs that can deviate from

ESS, ǫ∗, is given as follows:

ǫ∗ = min
j∈S

1

2uKi,j
(x∗, t) − uKi,j

(x∗, t)
. (5.16)

Proof: See Appendix C.2. �

5.5 Simulation Results

For our simulations, we consider a single BS located at the center of a circular

area with a 2 km radius. We consider a Poission-based distribution for distributing

MTDs around a randomly placed MTD within the network. Given the network

radius rN = 2 km and a network density λm = 0.09, the average number of MTDs

within the network is N = 1.13×106, whereas the average number of MTDs within
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Phase I - Network Operator:

1) Tune δ; 2) Define a cluster head selection

policy, e.g., [140,184,185]

Phase II - Neighbour Discovery:

MTDs find their neighbours which are within the maxi-

mum short-range communication region, based on [199].

Phase III - Evolutionary Evaluation:

Cluster formation based on a given cluster head selection

policy. Update population state for cluster type j: xj(t+

1) = xj(t) + ẋj(t).

Has ESS been reached,

i.e., is ẋj(t) = 0, ∀ j ∈ S?

Phase IV - Stable Cluster Formation:

Stable convergence of the population state x∗ is an ESS.

Compute the maximum portion of MTDs that can devi-

ate from ESS, ǫ∗.

Is the number of

deviating MTDs

greater than ǫ∗?

t =

t+ 1

t =

t+ 1
t ≤ tend?

End

Yes

No

Yes

No
Yes

No

Figure 5.2: Flow chart of the proposed algorithm.
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Algorithm 5 Evolutionary Game for Correlation-Aware Clustering in Massive M2M
Network
1: Input: Network density: λm; Set of MTDs: M; Maximum radius: rN ;
2: Phase I - Network Operator
3: Tune δ to either minimise or maximise the cluster size (which is equivalent to min-

imising or maximising the signalling overhead);
4: Define a cluster head selection policy, e.g., [140,184], or [185].
5: Phase II - Neighbour Discovery
6: A ball b(yi, rN ) is randomly placed in the network, centered at yi, i ∈ M;
7: A neighbour discovery protocol based on [199] is used to determine the number of

MTDs in the ball, N ;
8: Phase III - Evolutionary Evaluation
9: Define the set of cluster types for a cluster as S = {1, 2, . . . , N}, and set the initial

population state for all cluster types as x(t = 0);
10: repeat
11: for cluster type j ∈ 1 . . . N do
12: Find the inter-cluster interference, E(Ij), given the network density λm and

radius of the ball rj ;

13: Based on a defined cluster head selection policy, the utility function of MTD
i in a cluster with radius rj , uKi,j

(t), is calculated using (5.11);

14: MTDs in a cluster with radius rj , determines the evolution of their preferences,
ẋj(t), using (5.12), (5.13), and (5.14);

15: MTDs in a cluster with radius rj , which forms cluster type j, updates their
population state: xj(t+ 1) = xj(t) + ẋj(t);

16: end for
17: t = t+ 1;
18: until Convergence to ESS and ẋj(t) = 0 ∀j ∈ S
19: Phase IV - Stable Cluster Formation
20: Output: Population state, x◦ = {xj |∀j ∈ S}, that represents the formed MTD

clusters, where the cluster heads are selected based on the chosen policy;

the network, for a network density of λm = 0.36, will be N = 4.52× 106. We focus

on a small section of the circular area around the reference cluster head, that has

a 500 m radius. The BS allocates orthogonal resource blocks to cluster heads that

they can use to send the data of the clusters to the BS. Within each cluster, each

MTD is also allocated an orthogonal resource block, to send its data to the cluster

head. However, M2M links in different clusters can simultaneously reuse the same

resource blocks, resulting in inter-cluster interference. Each resource block has a

fixed bandwidth of B = 180 kHz, and the maximum transmission power over the

cellular link is Pmax = 35 dBm and the M2M link is Qmax = 20 dBm. The duration

of each time slot t is fixed to T = 1 ms. We consider a carrier frequency of 2 GHz.

Furthermore, we assume MTDs are static, where the cellular and M2M links have

a path loss exponent ν of 2.5. The cellular and M2M links have a transmit and
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Figure 5.4: Simulated and analytical
M2M link transmit power as a function
of MTD density, λm, where c = 6.

receive antenna gain of 9.54 dB. The noise power spectral density over a cellular

link is −174 dBm/Hz. The data source of each MTD m has µm = 0 and σm = 10.

The quantization step for each MTD is set to ∆ = 1
256

[44].

The evolutionary game is evaluated using Monte Carlo simulations with varying

MTD density λm, path loss exponent ν, and correlation constant c. Since the num-

ber of MTDs considered is massive, it is not possible to use conventional techniques

such as coalition formation games [67] that can exhibit exponential complexity in

large systems. Thus, at convergence we compare our proposed evolutionary game

to two benchmarks, which are: (i) a pure cluster type in which the BS directly-

partitions the population of MTDs to form the maximum possible cluster size N ,

with preference 1; and (ii) uniform cluster type in which an equal percentage of

the population will be uniformly distributed across all cluster types, that is, each

cluster type has preference 1
N

.

Fig. 5.3 shows the inter-cluster interference for different network densities and

path loss exponents. From this figure, we can see that the analytical results derived

using (5.10) closely match the corresponding simulation results. Also, in Fig. 5.3,

we observe that, as the network density increases, this causes the inter-cluster

interference to increase, due to the ball radius, rN , decreasing as shown in Fig. 5.9.

Furthermore, by increasing the path loss exponent from ν = 2.5 to ν = 3 the

inter-cluster interference will be reduced due to the higher propagation losses.

Fig. 5.4 shows the M2M link transmit power per cluster for different network

densities and path loss exponents. From this figure, we can see that the analytical
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results derived using (5.11) closely match the corresponding simulation results.

Also, in Fig. 5.4, we observe that, as the network density increases, this causes the

M2M link transmit power per cluster to increase, due to the increasing interference

as shown in Fig. 5.3. Hence, increasing the path loss exponent from ν = 2.5 to

ν = 3 will reduce the M2M link transmit power due to the higher propagation

losses.

In Fig. 5.5, we show the probability density function (PDF) of MTD prefer-

ence for forming certain cluster sizes within the ball, with and without neighbour

discovery (ND), under different path loss exponents, ν. On average, our proposed

evolutionary algorithm with ND, has a mean cluster size of 49.3 and a variance of

65.2 for ν = 2.5, and a mean cluster size of 50.9 and a variance of 59.9 for ν = 3.

On the other hand, our proposed evolutionary algorithm without ND, has a mean

cluster size of 34.3 and a variance of 253.6 for ν = 2.5, and a mean cluster size of

35.4 and a variance of 262.5 for ν = 3. Therefore, our proposed algorithm with ND

improves the performance of MTDs, as they form clusters with greater preference

and certainty.

Fig. 5.6 shows the PDF of MTD preference for using certain M2M transmission

rates within a cluster, under different path loss exponents ν. We observe that for the

proposed evolutionary algorithm, MTDs prefer to transmit with an M2M link rate

of 4.28 kbps for 5.7 % of the time for ν = 2.5, whereas MTDs prefer to transmit

with an M2M link rate of 3.55 kbps for 6.58 % of the time for ν = 3.5. Thus,
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increasing the path loss exponent will lead to a decrease in M2M link rates and

a decrease in M2M link communication range. Moreover, the uniform benchmark

has a similar mean and variance to the proposed evolutionary algorithm for ν = 2.5

and ν = 3.5. However, the proposed evolutionary algorithm has a higher maximum

preference for particular M2M link rates. In addition, the pure benchmark has

similar maximum preferences for M2M link rates as well. Note that, the uniform

and pure benchmarks are not robust to potential changes in the M2M network.

Fig. 5.7 shows the PDF of MTD preference for forming certain cluster sizes,

under different values for δ. We observe that, as the value of δ decreases below 0,

the MTD population prefers to form larger sized clusters on average. The results

show that in the proposed evolutionary algorithm the MTD population prefers to

form a cluster of size 52 for 6 % of the time for δ = −0.45, and a cluster size of

67 for 8 % of the time for δ = −0.75. On the other hand, the results show that,

in the proposed evolutionary algorithm, the MTD population prefers to form a

cluster of size 2 for 1.85 % of the time for δ = 0.45, and a cluster size of 1 for

1.83 % of the time for δ = 0.75. Hence, these results validate that δ can change an

MTD’s objective. A network operator can then use these results to decide on how

to optimise δ for their purposes.

Fig. 5.8 shows the PDF of MTD preference for forming certain cluster sizes

within the ball, under different network densities, λm, and correlation constants,

c. We observe that, as the network density and correlation constant increase, the

MTDs’ preferences for forming particular cluster sizes does not change significantly.
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This is due to the fact that the maximum radius of the ball, defined in (5.6), is a

function of MTD density. As illustrated in Fig. 5.9, the radius of the ball changes

according to the density, thus maintaining the number of MTDs within the ball

consistent. Furthermore, we observe that, in the proposed evolutionary algorithm,

the MTD population prefers to form a cluster of size 36 for 6.93% of the time for

c = 0.5 and λm = 0.18, whereas the MTD population prefers to form a cluster of

size 39 for 5.95% of the time for c = 30 and λm = 0.18. As the correlation constant

increases within the cluster, the MTD population prefers to form slightly larger

clusters. The results also show that, in the proposed evolutionary algorithm, the

MTD population prefers to form a cluster of size 23 for 11.13% of the time for

λm = 0.36 and c = 6, whereas the MTD population prefers to form a cluster of size

51 for 5.67% of the time for λm = 0.09 and c = 6.

Fig. 5.10 shows the average transmission power per MTD per cluster over time,

with and without ND, under different correlation constants, c. In this figure, we

can see that any increase in the correlation constant will lead to a decrease in

the average transmission power per MTD per cluster, due to the increase in data

correlation within the cluster. Over time, the proposed evolutionary algorithm with

ND converges to an average transmit power per MTD per cluster of 29.12 dBm at

t = 232 for c = 0.5, 26.6 dBm at t = 269 for c = 6, and 26.06 dBm at t = 267

for c = 30. On the other hand, the proposed evolutionary algorithm without ND

converges to an average transmit power per MTD per cluster of 26.83 dBm at
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t = 319 for c = 0.5, 25.2 dBm at t = 381 for c = 6, and 24.83 dBm at t = 380 for

c = 30. Overall, the scenario without ND reduces energy consumption of MTDs,

due to forming smaller sized clusters on average. On the other hand, the scenario

with ND converges faster to the ESS than the scenario without ND.

Moreover, in Fig. 5.11, we show the total M2M link transmit power per MTD

per cluster at convergence, under different network densities and correlation con-

stants. We observe that, as the network density and correlation constant increase,

the cluster size and data correlation will increase. As cluster size and data corre-

lation increase, the total M2M link transmit power per MTD per cluster will also

increase. We compare the proposed evolutionary-based correlation aware cluster-

ing algorithm for different correlation constants to the singleton scenario, and two

benchmarks. The singleton scenario, assumes all MTDs within the ball transmit

their own data via the cellular link to the BS, thus no clustering within the ball.

On average, the transmit power per cluster is reduced of around 63.1% for c = 0.5,

60.5% for c = 6, and 59.8% for c = 30, compared to the singleton scenario. The

proposed evolutionary algorithm decreases the transmission power per cluster of

around 36.9% for c = 0.5, 32.8% for c = 6, and 31.6% for c = 30, compared to the

pure cluster type benchmark for c = 0.5, whereas transmission power per cluster

decreases of around 37% for c = 0.5, 32.8% for c = 6, and 31.7% for c = 30,

compared to the pure cluster type benchmark for c = 30. On the other hand, the

proposed evolutionary algorithm also decreases transmission power per cluster of

around 14% for c = 0.5, 8.4% for c = 6, and 6.8% for c = 30, compared to the
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Figure 5.12: Number of redundant bits
per cluster vs. MTD density, λm, where
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uniform cluster type benchmark for c = 0.5, whereas transmission power per clus-

ter decreases around 14.1% for c = 0.5, 8.5% for c = 6, and about 7% for c = 30,

compared to the uniform cluster type benchmark for c = 30. On average, the

proposed evolutionary algorithm minimises transmit power by 44.1% and 15.25%

across all correlation constants and network densities, compared to the pure cluster

type benchmark and the uniform cluster type benchmark respectively.

Fig. 5.12 shows the average number of redundant bits per cluster, for different

network densities and correlation constants. The average number of redundant

bits per cluster, is the amount of bits that could be removed by the cluster head,

before transmitting the cluster data to the BS. Thus, decreasing network density

and increasing the correlation constant, as in Fig. 5.12, leads to an increase in

data correlation, cluster size, and the number of redundant bits. On average, in

Fig. 5.12, the proposed evolutionary-based correlation aware clustering algorithm

increases the number of redundant bits by more than double, that is, 50.6 %, when

increasing the correlation constant from c = 0.5 to c = 30. In Table 5.3, we

show the average gains (in percentage) resulting from the proposed evolutionary

clustering algorithm compared to the three benchmarks, i.e., the pure cluster type

benchmark, uniform cluster type benchmark, and a coalitional game approach. As

shown in Fig. 5.12 and Table 5.3, the pure benchmark with correlation constant

c = 30 maximises the number of redundant bits per cluster across all network

densities, as this benchmark considers all MTDs preferring to form the maximum

possible size cluster within the ball. Thus, considering the results of Figs. 5.10 and
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Table 5.3: Average gains for the number of redundant bits per cluster, Fig. 5.12.

ESS Pure c = 0.5 Pure c = 30
Uniform
c = 0.5

Uniform
c = 30

Coalition
c = 0.5

Coalition
c = 30

c = 0.5 −30.9% −74.3% 3.9% −49% 108.1% 21.1%

c = 6 34.7% −52.1% 100.3% −5.1% 155.8% 48.7%

c = 30 47.1% −48.1% 118.3% 2.7% 164.3% 53.6%

5.11, both benchmarks yielded, on average, a larger transmit power and number

of redundant bits per cluster, compared to the proposed distributed algorithm.

However, the pure benchmark requires a centralized approach in order to achieve

these results, whereas the uniform benchmark requires a distributed approach.

On the other hand, we have observed that, as the network density increases, the

computational complexity needed for the coalitional game approach exponentially

increases. With regards to the performance of the coalitional game approach, at

convergence, the coalitional game approach forms smaller clusters compared to the

proposed evolutionary algorithm. In addition, the proposed approach significantly

reduces the number of redundant bits per cluster by up to 41 % compared to

the coalitional game solution for c = 30. Furthermore, these benchmarks and

the coalitional game are not robust to stochastic changes in the M2M network

environment.

In Fig. 5.13, we show the maximum percentage of deviating MTDs at an ESS

for our proposed evolutionary game with and without ND, under different network
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densities, λm, and correlation constants, c. For the proposed algorithm with ND,

as the density and correlation constant increase (that is, as the network becomes

denser and data in the cluster becomes more correlated) the maximum percentage

of deviating MTDs also increases. On the other hand, for the proposed algorithm

without ND, as the density and correlation constant increase the maximum percent-

age of deviating MTDs stays constant.. Hence, for a correlation constant, c = 0.5,

when the network density is λm = 0.09, the maximum portion of MTDs that will

deviate, due to stochastic changes in the M2M environment, is about 2.8 % with

ND and about 2.9 % without ND. However, as the density of the network increases

to λm = 0.36, the maximum percentage of MTDs that will deviate is about 6.59 %

with ND and about 3.1 % without ND. Therefore, at the ESS with ND, as the

network becomes denser and more correlated, MTDs have more options to deviate

compared to when the network density is sparse. Additionally, when the network

becomes more correlated, there is a point beyond which increasing the network

density no longer increases the maximum percentage of MTDs that may deviate

within the network. Overall, the proposed evolutionary algorithm with ND is more

robust at the ESS.

Fig. 5.14 shows the average transmit power per MTD per cluster as a function

of cluster size, for different network densities, where c = 6 and ν = 2.5. We observe

a concave relationship between cluster size and the transmit power per MTD per

cluster. Depending on the network density, the cluster size changes, when the

cluster radius changes. As the network density decreases, the ball radius will also

decrease, leading to an increase in the potential number of MTDs per cluster. On

the average, the proposed evolutionary algorithm reduces transmit power per MTD

per cluster around 87.3% for λm = 0.36, 101.8% for λm = 0.18, and 100.8% for

λm = 0.09, compared to the uniform cluster type benchmark. On the other hand,

the proposed evolutionary algorithm reduced transmit power per MTD per cluster

around 69% for λm = 0.36, 122.4% for λm = 0.18, and 146.9% for λm = 0.09,

compared to the pure cluster type benchmark.

Fig. 5.15 shows the average transmit power per MTD per cluster as a function

of the cluster size, for different correlation constants, where λm = 0.09 and ν = 2.5.

We observe a concave relationship between cluster size and average transmit power

per MTD per cluster, that is similar to the one shown in Fig. 5.14. In Fig. 5.15,

as the correlation constant increases, the cluster sizes generally remain constant,
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but the maximum average transmit power per MTD per cluster decreases. As a

given cluster becomes more correlated, the MTDs will then send less information

over the cellular link. On the average, the proposed evolutionary algorithm reduces

transmit power per MTD per cluster around 98.7% for c = 0.5, 98.8% for c = 6,

and 98.7% for c = 30, compared to the uniform cluster type benchmark. On the

other hand, the proposed evolutionary algorithm reduced transmit power per MTD

per cluster around 158.5% for c = 0.5, 142.2% for c = 6, and 140% for c = 30,

compared to the pure cluster type benchmark.

5.6 Summary of Contributions

In this chapter, we have proposed a novel distributed correlation-aware cluster-

ing scheme for reducing the number of redundant bits being sent to the BS, as

well as reducing transmission power for each MTD in a massive and locally finite

M2M network. In the proposed model, MTDs self-organise in a fully distributed

manner to form clusters, based on data correlation and transmission power savings

for a given resource block allocation mechanism. Hence, in this chapter we have

answered questions Q6 and Q7, posed in Section 1.2.

We have modelled the problem using evolutionary game theory and stochastic

geometry. Stochastic geometry has been used to accurately model and charac-

terize the distance distributions between MTDs, in order to derive a closed-form

expression for average inter-cluster interference. Then, we derived a closed-form ex-

pression for average power consumption per cluster, as a function of MTD location,

cluster size, and inter-cluster interference. Based on evolutionary game theory, we

have proposed a distributed clustering algorithm, in which MTDs autonomously

seek to minimise the average MTD transmission power per cluster. We have shown

that the proposed distributed algorithm converges to a stable state, that is, an ESS

which is robust to a small portion of MTDs deviating from the stable cluster forma-

tion. Moreover, we have also derived a maximum portion of MTDs that can deviate

from the ESS, while still maintaining a stable cluster formation. Simulation results

showed that the proposed evolutionary algorithm decreases transmission power per

cluster, and increases the number of redundant bits that can be eliminated in a

given cluster.





Chapter 6

Utilizing UAVs in Mission

Critical M2M Communications

Chapters 5 focused on distributed correlation-aware clustering for a massive num-

ber of MTDs densely deployed in a cellular network. However, some multimedia

IoT applications may require MTDs to have ultra-reliability and low latency as in

URLLC. Ensuring URLLC, for mission critical M2M communications, will drasti-

cally decrease end-to-end latency and increase communication reliability [42]. How-

ever, MTDs may be deployed in areas that experience intermittent or poor coverage

from cellular BSs, or MTDs may be deployed in environments with no cellular BS

infrastructure, and thus, will not be able to ensure URLLC constraints.

In this chapter, we consider the problem of energy-aware scheduling for mission

critical M2M communications, where UAVs are utilized as flying BSs. In partic-

ular, we consider an IoT network, where MTDs are clustered and aggregators are

employed as cluster heads to collect the sensed data from MTDs. In the consid-

ered IoT network, UAVs must optimise their schedule in order to collect the data

from each aggregator in a distributed manner, without requiring a-priori knowl-

edge of the probabilities associated with the event-driven arrival requests from

MTDs. Hence, we formulate the ultra reliable energy-aware scheduling problem

by combining both Lyapunov optimisation and matching theory. The use of Lya-

punov optimisation is appropriate as it does not require a-priori knowledge of the

event-driven traffic of MTDs. Using the technique of Lyapunov optimisation, the

problem is transformed into a linear weighted function, which ensures that both the

maximum queue length and the queue length variance across all aggregators in the

network are bounded. Based on the Lyapunov optimisation of our problem, match-

ing theory is used to formulate and model the energy-aware scheduling problem as

137
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a one-to-many matching game. In the formulated game, the interactions between

a number of aggregators that seek to be served by a UAV is modeled. In fact,

each UAV will determine a subset of aggregators that it will serve and sufficient

dwelling time in order to satisfy the URLLC constraint. Meanwhile, aggregators

aim to minimise their energy consumption when transmitting their data to their

serving UAV. In particular, based on the Lyapunov optimisation, we define a utility

function for the set of UAVs, which captures the URLLC constraint, i.e., high re-

liability and low-latency constraints, as well as the network stability requirements

for mission critical M2M communications. We also define a utility function for the

set of aggregators, which captures a trade-off between maximising throughput and

minimising energy. Therefore, we propose a distributed energy-aware scheduling

and power control algorithm, scheduling UAVs and minimising aggregator energy

consumption respectively, which converges to a two-sided exchange-stable match-

ing. Hence, simulation results show that the maximum queue length mean and

variance are well below the finite threshold values, which ensures that the UAVs

deployed in the network are able to satisfy the URLLC constraints for mission crit-

ical M2M communications. In addition, a trade-off is observed between reducing

aggregator transmission power and increasing network throughput, when varying

the tunable Lyapunov parameter.

This chapter is organised as follows. In Section 5.1, we define the system model

and problem formulation for energy-aware scheduling for UAVs in mission critical

M2M communications. In Section 6.2, a conditional Lyapunov drift-plus-penalty

optimisation is used to find an approximate solution for the joint scheduling and en-

ergy optimisation. Then, in Section 6.3, we take the approximate solution from the

Lyapunov optimisation and propose a fully distributed matching game to efficiently

schedule the UAVs and reduce aggregator transmission power, while guaranteeing

URLLC. Section 6.4 outlines the proposed algorithm. Within Section 6.5, the pro-

posed matching game computational cost and convergence is analysed. Simulation

results are illustrated in Section 6.6. Finally, Section 6.7 concludes the chapter.

6.1 System Model

Consider an IoT system consisting of M MTDs in a set M, distributed over a

given geographical area. In this area, a set K of K UAVs (low altitude platform)
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are also deployed as flying BSs to collect data from the MTDs via the uplink. In

this network, a finite set A of G aggregators is deployed. The network’s MTDs

form a collection G of G disjoint clusters, where Gg ⊆ M. In each cluster Gg, the

aggregator g is designated as the cluster head (CH) who is responsible for relaying

all the received data packets via a uplink to a UAV. The location of each aggregator

g within the network is denoted by wg = (xg, yg). Thus, MTDs within each cluster

Gg transmit their data packets at each time slot to the aggregator (i.e., the CH).

In order for each UAV k ∈ K to collect the uplink data, they must dynamically

move and stop above each aggregator. The number of time slots that UAV k must

spend above CH g is called the dwelling time. The dwelling time depends on the

number of packets that CH g wants to transmit to UAV k.

We consider discrete time slots, t, with fixed duration τ . At each time slot t, the

location of each UAV k in the network is given by fkt = (xkt, ykt, zkt), respectively.

In our model, blocks of consecutive discrete time slots are referred to as a decision

epoch, which has finite length H. Each decision epoch is indexed by h. We assume

that the length of the decision epoch H is given, and is the same across all UAVs in

the network. For example, if a decision epoch consists of 3 consecutive time slots

(i.e., a finite length of H = 3), then the duration of the decision epoch will be 3τ .

At the beginning of each decision epoch h, each UAV k needs to decide on: 1) The

subset of CHs Skh ⊂ A it will serve; 2) The path Pkh it will take to cover the set

of selected CHs in Skh; and 3) The set Tkh = {Tgk,h|g ∈ Skh} of dwelling times for

UAV k to cover all CHs g ∈ Skh during a decision epoch h, where Tgk,h is a set of

Tgk,h time slots.

The path Pkh is an ordered pair set, where {(i, j)} ∈ Pkh implies that the UAV

will move from CH i to CH j at decision epoch h, where i, j ∈ Skh. We assume that

the UAV will take the shortest distance between CHs Skh. Moreover, in each UAV

path, a UAV will not revisit a CH during a decision epoch. Thus, the duration

of time that UAV k needs to fly from the coverage area of CH i to CH j where

{(i, j)} ∈ Pkh, is given by:

τij,k =

√
(xi − xj)

2 + (yi − yj)
2

vk
, (6.1)

where vk is the speed of UAV k.

Fig. 6.1 represents an illustrative example of five clusters being serviced by two
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Figure 6.1: System model of a clustered M2M network, with UAVs as flying BSs.

T31,h τ35,1 T51,h
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Figure 6.2: Decision epoch example based on system model example in Fig. 6.1.

UAVs. As illustrated in Fig. 6.1, the UAVs will stop directly above each aggregator

to collect the data packets from the cluster. In this example scenario, UAV 1

provides service to clusters G3 and G5, i.e., the subset of CHs S1h = {G3,G5},

whereas UAV 2 provides service to clusters G1, G2, and G4, i.e., the subset CHs

S2h = {G1,G2,G4}. Thus, in this example scenario, the aggregators for clusters

G1, G2, and G4 have less packets waiting in their queue to be transmitted, which,

in turn, allows UAV 2 to service an extra cluster during decision epoch H than

compared to UAV 1. In addition, for each UAV in Fig. 6.1, the path/trajectory is

also outlined.

During each decision epoch h, each UAV k has a maximum quota µk which
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represents the maximum number of CHs that UAV k can serve. The quota µk

depends on the number of CHs that UAV k can serve, the queue length of each

CH, the dwelling time of each CH, and the flying/transition time from one CH to

another. The best case quota for each UAV k ∈ K is given by, µk = ⌈H
2
⌉. This

case occurs whenever the dwelling time for each CH is just 1 time slot, and the

flying time of UAV k between two aggregators is also 1 time slot. For example,

if the decision epoch for all UAVs has a length H = 9, then the best case quota

for UAV k will be given by, ⌈H
2
⌉ = ⌈9

2
⌉ = 5. Furthermore, Fig. 6.2 outlines an

illustrative example of how the decision epoch can be broken down, which is based

on the system model example scenario in Fig. 6.1. In particular, during any decision

epoch, the following events occur sequentially: Dwelling time, followed by flying

time, then dwelling time, and so on, as illustrated in Fig. 6.2.

6.1.1 Uplink Transmission Model

We consider an orthogonal frequency division multiple access (OFDMA) uplink

scheme, with a finite set of resource blocks (RBs) each of which having a bandwidth

B. One RB is assigned to each CH g ∈ Gg to transmit its set of packets to UAV

k, when the UAV hovers directly above the CH. The transmit power of CH g

during decision epoch h for reliable data transmission over any RB is given by,

pgh ∈ [0, Pmax], where Pmax is the maximum transmission power. Let ξgk,t denote

the channel gain between CH g and UAV k on each RB during time slot t. The

number of packets that each CH g can send to UAV k during the dwelling time

Tgk,h at decision epoch h, is given by:

dgk,h =

∑
t∈Tgk,h

log2

(
1 +

pghβξgk,t
σ2

)
τ

Dg

for g ∈ Skh, (6.2)

where β = −1.5
ln(5Pe)

is the SNR gap for M-QAM modulation with Pe being the maxi-

mum acceptable error probability [200]. In (6.2), Dg is the size of each data packet

transmitting from CH g, and σ2 is the variance of the additive white Gaussian

noise.

The channel gain between CH g and UAV k follows a ground-to-air (G2A) chan-

nel model, that depends on the type of environment (e.g., rural, urban, suburban,

dense urban), location of the CH, and elevation angle between the CH and the

UAV [52]. In practical scenarios, the exact location of each UAV and/or CH, as
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well as the environment, may be unknown. Thus, the G2A channel model is com-

prised of a line-of-sight (LoS) link with probability, ρLoS, and a non-line-of-sight

(NLoS) link with probability, ρNLoS = 1 − ρLoS. The typical probability of LoS,

ρLoS, is given by [52] and [30]:

ρLoS =
1

1 + α exp (−ϕ(θ − α))
, (6.3)

where α and ϕ depend on carrier frequency and type of environment, θ is the

elevation angle from CH g to UAV k, such that θ = 180
π

sin−1
(

zkt
ηgk,t

)
; zkt is the

height of UAV k and ηgk,t is the distance between CH g and UAV k at time slot

t, where ηgk,t =
√

(xg − xuk)2 + (yg − yuk)2 + z2kt. As the UAV will stop directly

above the CH, then θ will always be equal to 90◦. Because it is hard to determine

exactly which portion of the the signal experiences LoS or NLoS during the G2A

communication, the average path loss is considered, and is given by [52] and [30]:

Lgk,t = ρgk,tLoSω1

(
4πηgk,t

λ

)ν

+ ρgk,tNLoSω2

(
4πηgk,t

λ

)ν

, (6.4)

where ν is path loss exponent; λ is the wavelength of the electromagnetic wave,

i.e., fc
c

, where fc is the carrier frequency and c is the speed of light; and ω1 and

ω2 are the excessive path loss coefficients for LoS and NLoS, respectively, with

ω2 > ω1 > 1. Thus, the average channel gain for the G2A communication link

between CH g and UAV k at time slot t, is given by:

ξgk,t =
1

Lgk,t

=
1[

ω1ρ
gk,t
LoS + ω2ρ

gk,t
NLoS

] (
4πηgk,t

λ

)ν . (6.5)

6.1.2 Aggregator Queue Model

In each cluster, a queue of data packets is formed at CH g ∈ Gg, which contains all

of the data packets received from all MTDs within cluster Gg. Let qh be the vector

of G queues at the beginning of decision epoch h with each element qgh being the

queue length of CH g at decision epoch h. Let ãgh be the arrival of data packets

to CH g during decision epoch h. Due to the stochastic event-driven transmission

of MTDs, the arrival of data packets ãgh from MTDs within cluster Gg to CH g

is a positive discrete random variable at each decision epoch. As the the arrival

of packets from MTDs within a cluster to the aggregator is a random variable,
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the queue length also stochastically changes. During a decision epoch, the queue

length of cluster Gg will change by [201]:

qg(h+1) = max{qgh − dgk,h, 0} + ãgh if g ∈ Skh. (6.6)

In our model, the maximal queue length of cluster heads, Qh = maxg∈G{qgh},

reflects the worst-case queuing delay during one decision epoch within the net-

work. As a reliability measure, we leverage the notion of risk where risk is syn-

onymous with losing urgent messages. In our considered M2M network, as the

delay (or queue length) becomes higher, this may lead to urgent-messages being

lost/dropped. Therefore, to ensure reliable M2M communications, we aim to min-

imise the risk of losing messages. To do this, we use the entropic risk measure

ln(E{eδQh})/δ with a risk sensitivity parameter δ > 0 as our reliability metric [42].

Thus, imposing a finite threshold κ on the the entropic risk measure, the M2M net-

work served by UAVs as flying BSs will be ultra reliable, if the following requirement

is met:

lim sup
h→∞

ln(E{eδQh})

δ
≤ κ. (6.7)

The ultra reliability constraint in (6.7), ensures that the risk of the maximum

queue length is finite and does not approach infinity. By taking the Maclaurin

series expansion, we get ln(E{eδQh}) = E{Qh} + δ
2
Var{Qh} + O{δ2}. Next, we

focus on the mean and variance of Qh by considering 0 < δ ≪ 1.

In this network, the arrival of packets at the aggregator is based on the stochas-

tic event-driven traffic of MTDs. However, the probability model of the event-

driven traffic of MTDs is unknown by the UAVs. Thus, each UAV does not know

how the queue length of each aggregator will change during the future decision

epochs, while the scheduling algorithm of UAVs should guarantee the ultra reli-

ability condition defined in (6.7). Hence, our goal is to design an energy-aware

scheduling scheme guaranteeing ultra reliability, that makes decisions for UAVs at

every decision epoch h, without requiring a-priori knowledge of the probabilities

associated with the event-driven arrival requests to the aggregators. In particular,

each UAV must determine a subset of CHs that it will serve, while also ensuring

sufficient dwelling time is allocated to each CH, in order to collect sufficient packets

from CHs to meet the ultra-reliability requirement (6.7). Meanwhile, each CH must

determine suitable transmission power required to send the collected data during
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the dwelling time, in order to reduce energy consumption. Next, we propose a

scheduling framework based on Lyapunov optimisation, as in [201].

6.2 Energy-Aware Scheduling for UAVs and CHs

In this section, we propose a Lyanpunov scheduling algorithm, in order to solve

the energy-aware scheduling optimisation problem for UAVs and CHs in an clus-

tered M2M network. We use the Lyapunov optimisation technique because a pri-

ori knowledge of the event-driven arrival process for M2M communication is not

known. Thus, our goal is to find a scheduling policy for UAV k at the beginning of

each decision epoch h, given by, πkh = {Skh, Tkh,Pkh}, where Πh = {πkh|∀k ∈ K}.

In addition, our goal is to also find a suitable transmit power for CH g for uplink

transmission to UAV k at the beginning of each decision epoch h to decrease CH

energy consumption, which is given by, ph where each element is the allocated

transmit power pgh for CH g. Therefore, at the beginning of each decision epoch

h, the scheduling problem for UAVs and CHs can be formulated as follows:

min
Πh,ph

∑

k∈K

∑

g∈Skh

∑

t∈Tgk,h

pghτ, (6.8)

s. t.

lim sup
H→∞

1

H

H−1∑

h=0

G∑

g=1

E{qgh} < ∞, (6.9)

lim sup
H→∞

1

H

H−1∑

h=0

E{Qh} ≤ Mth, (6.10)

lim sup
H→∞

1

H

H−1∑

h=0

E{(Qh)2} ≤ Bth, (6.11)

∑

g∈Skh



∑

t∈Tgk,h

τ


+

∑

(i,j)∈Pkh

τij,k ≤ τH, ∀k ∈ K, (6.12)

Rth ≤ log2

(
1 +

pghβξgk,t
Bσ2

)
, ∀k ∈ K, ∀g ∈ Skh, ∀t ∈ Tgk,h, (6.13)

Tgk,h ⊆ {t + 1, ..., t + H}, ∀g ∈ G, ∀k ∈ K, (6.14)

Skh ∩ Swh = ∅, ∀k, w ∈ K, (6.15)

Skh ⊆ K, ∀k ∈ K, (6.16)
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|Skh| ≤ µk, ∀k ∈ K, (6.17)

∪k∈K Sk,h = K, (6.18)

0 ≤ pgh ≤ Pmax, ∀g ∈ G. (6.19)

Here, constraints (6.9), (6.10), and (6.11) are the reliability constraints. Con-

straint (6.9) ensures that rate stability is guaranteed, i.e., ensuring the queue length

of each CH within the network does not get infinitely large. Constraint (6.10) en-

sures that the average maximum queue length is finitely bounded by threshold Mth,

whereas constraint (6.11) ensures that the squared average power maximum queue

length is finitely bounded by threshold Bth where Bth = M2
th + 2κ−Mth

δ
. Constraint

(6.13) imposes a rate threshold Rth on the link between UAV k and its served CH

g. Constraint (6.12) ensures that each UAV can service all CHs in Skh, during

the decision epoch. Constraints (6.14) to (6.19) guarantee the feasibility for the

decision variables Tgk,h, Skh, and pgh.

Due to the stochastic constraints in (6.10), and integer decision variables Tgk,h,

Skh and pgh, the optimisation problem in (6.8) is not only stochastic but also com-

binatorial. As the lengths of the queues in the stochastic constraint (6.10) change

with random events, and the probability distribution of these random events is not

known in advance, the problem in (6.8) cannot be solved by traditional stochastic

optimisation techniques. Next, we propose a tunable minimum-drift-plus-penalty

optimisation problem based on Lyapunov optimisation to approximately solve the

problem in (6.8), by only knowing the current lengths of queues without knowing

any prior knowledge about future random events.

6.2.1 A Tunable Minimum-Drift-Plus-Penalty Optimisation

To solve problem (6.8), we use tools from Lyapunov optimisation theory to dynam-

ically allocate transmit power to the CH and schedule UAVs. In order to ensure

(6.10) and (6.11), we respectively introduce two virtual queues which evolve as

follows [201]:

z1(h+1) = max{z1h + Qh −Mth, 0}, (6.20)

z2(h+1) = max{z2h + Q2
h − Bth, 0}. (6.21)

Let the concatenated vector of all actual and virtual queues be given by, Θh ,
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[qh, Z1h, Z2h], and the update equations (6.6), (6.20) and (6.21) be the state of the

network at the beginning of each decision epoch h. Thus, we assume that, at the end

of each decision epoch, all UAVs will synchronise, which means that they will share

information about CH queue lengths from previous decision epochs using UAV-to-

UAV wireless links (such links can be low-bandwidth control links). Particularly, if

a UAV has not served a certain CH previously, it will still be provided information

about its queue length from previous decision epochs. Hence, at the beginning of

each decision epoch, the state of the network is known to all UAVs.

Following Lyapunov optimisation tools, we define a quadratic Lyapunov func-

tion, Lh = 1
2

(
z21h + z22h +

∑
g∈G q

2
gh

)
[202]. We also consider the total energy con-

sumption of UAVs,
∑

k∈K

∑
g∈Skh

∑
t∈Tgk,h

pghτ , as an associated penalty, and the

parameter v for tuning the penalty at the beginning of decision epoch h. Then,

we can define the one-epoch conditional Lyapunov drift plus penalty at the decision

epoch h + 1 with penalty parameter v, as follows:

∆vh = E {Lh+1 − Lh|qh} + v
∑

k∈K

∑

g∈Skh

∑

t∈Tgk,h

pghτ, (6.22)

where E {Lh+1 − Lh|qh} is a one-epoch conditional Lyapunov drift. Here, the ex-

pectation is taken over the randomness of arrival requests of event-driven traffic to

the queues.

Lemma 6.1 Under any feasible scheduling algorithm Πh that satisfies the ultra

reliability constraint in (6.7) at decision epoch h, the one-epoch conditional Lya-

punov drift-plus-penalty is bounded as follows:

∆vh ≤I +
G∑

g=1

qgh(agh − dgh) + z1h(Qh −Mth)+

z2h(Q2
h − Bth) + v

∑

k∈K

∑

g∈Skh

∑

t∈Tgk,h

pghτ, (6.23)

where I =
H2+(maxg |Gg |)2+M2

th+B2
th

2
is a constant value, and agh is the arrival of data

packets from CH g during current decision epoch h and is not a random variable

any more. Proof: See Appendix D.1. � Following [201, Theorem 4.2], all queues

qh are mean rate stable if for all decision epochs h and all possible values of qh, the

one-epoch conditional Lyapunov drift-plus-penalty is bounded. Thus, the result

in Lemma 1 suggests the following scheduling decision: at every decision epoch
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h, observe the current state Θh and take a control action that greedily minimises

the left-hand-side of the desired one-epoch conditional Lyapunov drift-plus-penalty

inequality in (6.23). The proposed drift-plus-penalty minimisation problem aims

to minimise the one-epoch conditional Lyapunov drift-plus-penalty, which approx-

imately finds a solution for the joint scheduling and energy optimisation problem

given in (6.8). Instead of minimising the one-epoch conditional Lyapunov drift-

plus-penalty, one can minimise the maximum bound of the one-epoch conditional

Lyapunov drift plus penalty, which is the right-hand side of the inequality in (6.23).

Hence, the UAVs observe the current state Θh of all clusters, and make a schedul-

ing decision Πh during each decision epoch h. Meanwhile, the CHs determine the

transmit power pgh required to successfully transmit the packets to their serving

UAV during decision epoch h. Thus, the following optimisation problem is solved

for each decision epoch h:

max
Πh,ph

G∑

g=1

qghdgh − z1hQh − z2hQ
2
h − v

∑

k∈K

∑

g∈Skh

∑

t∈Tgk,h

pghτ, (6.24)

s. t.:

Rth ≤ log2

(
1 +

pghβξgk,t
Bσ2

)
, ∀k ∈ K, ∀g ∈ Skh, ∀t ∈ Tgk,h, (6.25)

∑

g∈Skh



∑

t∈Tgk,h

τ


+

∑

(i,j)∈Pkh

τij,k ≤ τH, ∀k ∈ K, (6.26)

Tgk,h ⊆ {t + 1, ..., t + H}, ∀g ∈ G, ∀k ∈ K, (6.27)

Skh ∩ Swh = ∅, ∀k, w ∈ K (6.28)

Skh ⊆ K, ∀k ∈ K, (6.29)

|Skh| ≤ µk, ∀k ∈ K, (6.30)

∪k∈K Skh = K, (6.31)

0 ≤ pgh ≤ Pmax, ∀g ∈ G. (6.32)

At the end of each decision epoch h, the virtual queues z1h and z2h will be

updated according to (6.20) and (6.21), respectively, and CH queue length qgh

will be updated according to (6.6). Optimisation problem (6.24) has two decision

variables. The decision variables πkh in (6.24) correspond to the scheduling optimi-

sation problem of UAVs, whereas the decision variables pgh in (6.24) corresponds to
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the energy optimisation problem of CHs. In (6.24), if the tunable parameter v = 0,

then the optimisation problem in (6.24) will focus more on the UAV scheduling op-

timisation problem, and the energy of CHs will no longer be a constraint. However,

if v = ∞, the optimisation problem in (6.24) will focus more on the CH energy

optimisation problem, that is sending the maximum number of packets from the

CH to the UAV.

Lyapunov optimisation has been used, as the transmission probability of the

CH queues is unknown. Due to using Lyapunov optimisation, the tunable drift-

plus-penalty optimisation problem in (6.24) is now a linear weighted function, and

the constraints are no longer a function of the random variable queue length, as

in (6.10). However, any centralised solution solving the tunable drift-plus-penalty

optimisation problem in (6.24) will be NP-hard and complex, due to the combi-

natorial nature of the problem [62]. Next, we propose a distributed energy-aware

scheduling scheme for UAVs and CHs using matching theory [202], for the clustered

IoT network. Hence, our goal is to obtain a scheduling strategy in which each UAV

is associated with the most preferred CHs while taking into account the maximum

queue length, and also obtain an energy strategy in which CHs can minimise their

energy consumption during the dwelling time.

6.3 One-to-Many Matching for Ultra-Reliable Energy-

Aware Scheduling

We propose a novel distributed energy-aware scheduling algorithm guaranteeing

ultra reliability based on matching theory. Matching theory is a powerful mathe-

matical tool that is decentralized [74]. Here, matching theory is used to formally

model the tunable drift-plus-penalty optimisation problem in (6.24), as a one-to-

many matching game using costs. Thus, the one-to-many matching game models

the interactions between a number of CHs desiring to be served by one UAV. Hence,

the game considers two disjoint sets of players, i.e., a CH set A and a UAV set

K, where players from each set have ranked preferences over players in the other

set, and vice versa. In the context of the studied network, each UAV k ∈ K will

be matched to a subset of CHs Skh ⊆ Akh, Akh ⊆ A, while each CH g ∈ Akh will

be matched to a single UAV k ∈ K. The proposed one-to-many matching game is

defined as follows:
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Definition 6.1 Given two disjoint finite sets of UAVs K and aggregators A, the

ultra reliability and energy-aware scheduling algorithm for UAVs in a clustered IoT

networks, can be defined as a one-to-many matching function Φ : K ∪A → K ∪A

such that for all k ∈ K and g ∈ A:

1. Φ(k) = Skh ⊆ A and |Φ(k)| ≤ µk,

2. Φ(g) ∈ K and |Φ(g)| ∈ {0, 1},

3. Φ(g) = k, if and only if g ∈ Φ(k).

From Definition 6.1, the first condition states that each UAV k can be matched

to a subset of CHs Skh, with µk being the quota of UAV k, which is the maximum

number of CHs that UAV k can serve, and thus, |Φ(·)| denotes the set cardinality.

Depending on the CH subset that UAV k will serve, the quota will not always

be the same, and thus, is not fixed across all UAVs and decision epochs. The

second condition states that each CH g ∈ Akh can be matched to at most one UAV

k ∈ K, i.e., the quota for each CH is set to 1. The fourth condition states that

if UAV k is matched to CH g, then CH g is also matched with UAV k. In the

case that Φ(g) = g, then CH g is matched to itself, which means that CH g is not

assigned/matched to any UAV.

6.3.1 Utility Functions and Preference Relations of UAVs

and CHs

The one-to-many matching game can be defined by G = {K,A,≻k,≻g}, where

≻k and ≻g refer to the preference relations for UAVs and CHs, respectively. A

preference relation a defined as a complete, reflexive and transitive binary relation

between the players in the opposite set. Thus, the preference relation for a UAV

≻k depends on the subset of CHs it wishes to serve, and the queue length of each

CH to be served. UAV k ∈ K serving S is preferred to serving S ′, which is denoted

as S ≻k S ′. On the other hand, a preference relation for a CH ≻g depends on the

amount of transmission power required to send the data to a UAV, as well as the

duration of dwelling time the UAV will collect the data. CH g prefers to be served

by UAV k over UAV k′, which is defined as k ≻g k′. To derive the preference

relations for the two disjoint sets of players, we propose individual utility functions

for each set based on the optimisation problem in (6.24).
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To enable ultra reliable communications in an IoT network, each UAV k aims

to select a subset of CHs Skh ⊆ Akh that will maximise the number of packets sent

from each CH g ∈ Skh to UAV k, while also guaranteeing that the maximum queue

length of all CHs are finitely bounded. The proposed utility function for UAVs is

a linear weighted function, where the weights are the queue lengths of the served

CHs, and the virtual queue lengths. Given matching Φ and the transmit power

vector ph of all CHs, we define the utility function of UAV k serving a subset of

CHs Skh at decision epoch h, as follows:

Uk(Skh,Φ) =
∑

g∈Skh

qghdgk,h − z1hQh − z2hQ
2
h, (6.33)

where z1h and z2h are given by (6.20) and (6.21) respectively; and dgk,h is given

by (6.2) which is a function of the dwelling time Tgk,h and the CH transmit power

pgh. In (6.33), as the queue length of CH g increases, the UAV serving this CH will

allocate more dwelling time to this CH, in order to reduce its queue length and

guarantee rate stability and ultra reliability.

Meanwhile, each CH g aims to maximise its transmission packet rate to UAV

k, while minimising its total energy consumption. Given matching Φ we define

the utility function of CH g ∈ Sk,h being served by UAV k at decision epoch h, as

follows:

Ug(k,Φ) =
∑

t∈Tgk,h




log2

(
1 +

pghβξgk,t
Bσ2

)

Dg

− vpgh


 τ. (6.34)

Based on the utility function in (6.34), each CH g aims to minimise its trans-

mission power based on the following optimisation problem:

max
pgh

( ∑

t∈Tgk,h




log2

(
1 +

pghβξgk,t
Bσ2

)

Dg

− vpgh


 τ
)
, (6.35)

Subjected to:

Rth ≤ log2

(
1 +

pghβξgk,t
Bσ2

)
, t ∈ Tgk,h, (6.36)

0 ≤ pgh ≤ Pmax. (6.37)

Using the utility functions in (6.33) and (6.34), the preference relation of UAVs
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and CHs at decision epoch h is given by:

Skh ≻k S
′
kh ⇔ Uk(Skh,Φ) > Uk(S ′

kh,Φ), (6.38)

k ≻g k
′ ⇔ Ug(k,Φ) > Ug(k

′,Φ), (6.39)

for all Skh,S
′
kh ⊆ A and k, k′ ∈ K. The proposed matching game considered strict

preference relations for each UAV and CH. Thus, from (6.38) each UAV ranks a

subset of CHs by giving a preference to the set of CHs that provides the highest

utility. Moreover, each CH can use (6.39) to rank the UAVs by giving a preference

to a UAV that provides the highest utility.

6.3.2 Stable Matching Analysis of Distributed Ultra Reli-

able and Energy-Aware Scheduling Algorithm

To solve the proposed problem in (6.24) as a one-to-many matching game, we

use the concept of two-sided stable matching to find a suitable matching between

UAVs and CHs [203]. A two-sided stable matching for the proposed game is defined

as [203]:

Definition 6.2 A UAV and CH pair (k, g) 6∈ Φ is said to be a blocking pair of the

matching Φ, if and only if k ≻g Φ(g) and g ≻k Φ(k). A matching Φ is stable, if

there is no blocking pair.

Hence, under a stable matching Φ, the set of UAVs can guarantee that the CH

queue lengths will be bounded by a finite value, that is, satisfying the ultra-reliable

and low-latency constraints for mission critical IoT communications. In order to

solve a one-to-many matching problem, most of the prior works [75,204] have relied

on the so-called deferred acceptance (DA) algorithm [203, 205]. However, in our

proposed one-to-many matching game, we cannot directly apply the DA algorithm.

This is due to the UAV utility being a function of the maximum queue length across

all CHs in the network Qh, i.e., Qh is a function of all CH queues, and thus, is

a dependant variable. Hence, each UAV not only considers which set of CHs to

match with, but also that the set of CHs satisfy their ultra reliability constraint.

In addition, the quota of each UAV changes in each decision epoch, where the

DA algorithm assumes a fixed quota all the time. Therefore, our proposed one-

to-many matching game can be defined as a one-to-many matching game with
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externalities [153, 206–210]. Due to the externalities in the proposed matching

game, the DA algorithm cannot be used to converge to a two-sided stable matching.

Hence, we propose a new matching algorithm to solve the one-to-many matching

game with externalities, and use the concept of two-sided-stable matching as defined

in Definition 6.2. At the stable convergence of the one-to-many matching game

with externalities, no UAV or CH will have incentive to change from their current

matching, without causing a decrease in their utility function, respectively, i.e., a

network-wide stability.

6.4 Proposed Algorithm Description

The proposed algorithm for solving the distributed ultra reliable and energy-aware

scheduling problem during each decision epoch h, is shown in Algorithm 6. The

algorithm is divided into three phases: a) initializing decision epoch h; b) matching

evaluation; and c) CH power allocation. At the beginning of each decision epoch

h, each UAV k will be located above a CH g, from the end of the previous decision

epoch h − 1, and thus, the initial location of UAV k is known. In Phase I, each

UAV shares the queue lengths with all other UAVs in the set K. Thus, based on

this sharing of information, all UAVs can determine a consensus on the maximal

queue length Qh.

Phase II is the matching evaluation for decision epoch h. Each UAV determines

its strategy set, that is, finding all possible combinations of CH subsets and dwelling

times. Note that, since each UAV k has a limited coverage area, the subset of CHs

that UAV k can propose to is smaller than the set of CHs, i.e., Akh ⊂ A. Hence,

the strategy set for UAV k is given by skh = [Tgk,h]G×1, where Tgk,h is an element

of skh, such that Tgk,h is the proposed dwelling time for CH g ∈ Akh from UAV k.

If Tgk,h = 0, this means UAV k does not stop over CH g to collect data from it.

Thus, the set of all possible strategy set combinations for UAV k is denoted by Γkh,

where skh ∈ Γkh. Then, each UAV k calculates its utility for each possible strategy

set within Γkh, using (6.33). Based on (6.38), UAV k finds the most preferred

CH subset it wishes to serve, and proposes that CH subset while rejecting the

other strategies. Then, the CHs determine whether to accept or reject the UAV

proposal/s. The strategy for CH g is to maximise its packet rate, while minimising

its transmission power based on the proposed payment from the currently matched
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Algorithm 6 Matching Game for Ultra Reliable and Energy-Aware Scheduling in IoT
Network
1: Input: Set of Aggregators: A; Location of aggregators wg ∀g ∈ A; Set of UAVs: K;

UAV location fkt at the beginning of each decision epoch; Queue values qg(h−1) for
all g ∈ A, and virtual queue values z1(h−1) and z2(h−1), from previous decision epoch,
h− 1;

2: Phase I - Initializing Decision Epoch h

3: Shares the queue lengths and also payments of the served CHs during the previous
decision epoch to all other UAVs within K;

4: Calculates the maximal queue length, Qh;
5: Phase II - Matching Evaluation
6: for each k ∈ K do
7: Determines all possible strategy set vectors, skh;
8: Determine the utility for each strategy set vector, using (6.33);
9: Propose to the most preferred subset of CHs, based on ≻k, i.e., the subset of CHs

with the highest rank;
10: end for
11: if CH g receives a proposal/s then
12: CH g calculates its utility for all proposals, using (6.34);
13: Based on ≻g, CH g accepts one UAV’s proposal and rejects the rest;
14: end if
15: Phase III - CH Power Allocation
16: Given the matching Φ, each CH g ∈ A determines its transmission power pgh, based

on (6.35);
17: Output: Matching and payments at decision epoch h: Φ(h); Scheduling policy of

all UAVs: Πh; Allocated transmit power of all Aggregators: ph.

UAV. For each proposal, the CH calculates its utility, using (6.34), and accepts the

most preferred proposal, based on (6.39).

Finally, in Phase III, given the matching Φ, each CH will determine its power

allocation, given (6.35). These phases are repeated at each decision epoch, until

we reach a stable matching, or stage in which no UAV wishes to propose to any

other set of CHs, or no CH wishes to be served by any other UAV.

6.5 Stability, Convergence, Optimality, and Com-

putational Cost of the Proposed Algorithm

In the following, we analyze the performance of our proposed one-to-many match-

ing game and power allocation, in Algorithm 6. More specifically, we analyze the

stability, convergence, computational cost, and optimally of the proposed algo-

rithm.
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6.5.1 Stability, Convergence, and Optimality

Here, we prove that the proposed Algorithm 6 converges to a two-sided stable

matching, based on Definition 6.2.

Theorem 6.1 The proposed one-to-many matching game, from Algorithm 6, yields

a two-sided stable matching between UAVs and CHs.

Proof: See Appendix D.2. �

Proposition 6.1 The one-to-many matching algorithm reaches a global optimum

of the total utility (sum utility across all UAVs and CHs), which corresponds to a

two-sided stable matching.

Theorem 6.2 The proposed Algorithm 6, is guaranteed to converge to a stable

matching and power allocation.

Proof: See Appendix D.3. �

6.5.2 Computational Cost

To find the computational cost of the proposed Algorithm 6, we will focus on the

matching evaluation phase (Phase II) and the CH power allocation phase (Phase

III). In the matching evaluation phase, the complexity mainly lies in the process of

finding all CH subsets for each UAV, as well as the corresponding dwelling times

for each subset. However, since the UAVs have a limited coverage area, this will

significantly reduce the computational cost in finding the CH subsets. Initially, each

UAV is located above a CH, so regardless of all other strategy set combinations,

there will be at least one strategy for each UAV. Thus, the computational cost for

finding all possible strategy set vectors skh for all UAVs in each decision epoch

h is given by O(K(H + 1)Aµ). As the number of CHs per subset increases, this

will cause the complexity to exponentially increase. In particular, in order to keep

the number of proposals generally low, the quota for each UAV k µk needs to be

restricted to a small finite number. In the matching evaluation phase, we also need

to consider the proposal attempts for each CH during each decision epoch, which

has a computational cost of O(A). On the other hand, the computational cost of

the CH power allocation phase, is given by O(A).

Therefore, the overall computational cost of the proposal Algorithm 6, for the

duration of the game T , is given by O(H
T
KA(H + 1)A).
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Table 6.1: Simulation Parameters.
Parameter Value

Carrier frequency (fc) 2 GHz

Maximum transmit power of aggregators (Pmax) 30 dBm

Transmission power vector (Pvec) [0− 30] dBm

Minimum transmission rate of aggregators (Rth) 3 dB

Transmission bandwidth per aggregator (B) 15 KHz

Duration of time slot t (τ) 1 second

Decision epoch length (H) 150 seconds

Length of each data packet (Dg) 50 bits

Maximum acceptable error probability (Pe) 10−8

Noise power (σ2) −115 dBm

Path loss exponent for LoS links (ν) 2

Additional path loss to free space for LoS (ω1) 3 dB

Additional path loss to free space for NLos (ω2) 23 dB

UAV speed (vk) 10 m/s

Mth 20

Bth 450

6.6 Simulation Results

For our simulations, we consider an IoT system, where MTDs are located in

a geographical area with a 600 m radius. In this area, the set of MTDs form |G|

disjoint clusters. In each cluster, an aggregator is designated as the cluster head.

The CHs are uniformly distributed across all clusters. We consider a total number 4

aggregators within the considered geographical area. Moreover, we consider UAV-

based communications, that act as low flying aerial BSs in an urban environment,

with α = 11.95 and ϕ = 0.14 for a 2 GHz carrier frequency [52]. Initially, the set of

UAVs, K = 2, are randomly deployed above one CH within the network. Moreover,

due to flight regulations and environmental obstacles, we assume that the altitude

of the UAVs vary between 400 m and 600 m. Here, we model the MTD traffic

based on a binomial distribution, where the probability of transmission is denoted

as ρtx. Table 6.1 lists the rest of the simulation parameters. The matching game

is evaluated using Monte Carlo simulations with varying transmission probabilities

ρtx, queue length thresholds Mth and Bth, and the number of UAVs K. We compare

our simulation results with pre-deployed stationary UAV BSs, which adopts the

CH power control scheme from Algorithm 6. In the stationary case, all UAVs are

assumed to be fixed above a CH.

Fig. 6.3 and 6.4 show different properties of the maximum queue length across
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Figure 6.3: Maximum queue length,
where ρtx = 0.5, K = 2 and [Mth, Bth] =
[20, 450].
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ance, where ρtx = 0.5, K = 2 and
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all aggregators in the network, for a transmission probability of ρtx = 0.5, a number

of UAVs K = 2, and a queue length threshold pair of [Mth, Bth] = [20, 450]. From

these figures, we can see that the maximum queue length is bounded by a mean

threshold Mth, as well as a variance threshold Bth − M2
th, which means that the

number of deployed UAVs is able to guarantee URLLC for the mission critical

M2M traffic. In Fig. 6.3 and 6.4, we observe that, over the decision epochs, the

mean and variance of the maximum queue length converge to stable outcomes,

with a mean maximum queue length of 7 and a maximum queue length variance of

5 across all aggregators, for the proposed energy-aware scheduling algorithm. Also

in Fig. 6.3 and 6.4, the proposed energy-aware scheduling algorithm reduced mean

maximum queue length by around 37 % and maximum queue length variance by

around 73 %, compared to the stationary UAV approach. Having a low variance

for maximum queue length, indicates that the number of UAVs within the network

is able to service all CHs sufficiently, without causing any one CH’s queue length

to increase significantly.

In Fig. 6.5, we show the minimum number of required UAVs to service the set of

CHs within the network, under different transmission probabilities, ρtx, and queue

length threshold pairs, [Mth, Bth]. We observe that, as the transmission proba-

bilities increase, the minimum number of required UAVs to service the CHs also

increases. This is due to the fact that increasing the transmission probabilities, will
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Figure 6.6: Average entropic risk for a
minimum number of UAVs as a function
of ρtx and [Mth, Bth].

cause more MTDs within each cluster to transmit data packets to an aggregator.

As illustrated in Fig. 6.5, as the mean and variance thresholds of the maximum

queue length increases, fewer UAVs are required to service the set of aggregators in

the network. In particular, for queue length thresholds [Mth, Bth] = [7, 150] more

than 4 UAVs will be needed to service the set of aggregators. This means that

more UAVs need to be deployed to service all the MTDs and maintain the mission

critical communication constraints, where the number of UAVs in the network will

exceed the number of CHs, i.e., K > A.

Fig. 6.6 shows the average entropic risk of the maximum queue length, un-

der different transmission probabilities, ρtx, and queue length threshold pairs,

[Mth, Bth]. The average entropic risk of the maximum queue length is determined

using: ln(E{eδQh}) = E{Qh} + δ
2
Var{Qh} + O{δ2}, for the minimum number of

required UAVs to service the set of aggregators (outlined in Fig. 6.5). We observe

that, as the mean and variance threshold of the maximum queue length increases,

this causes the entropic risk to also increase, due to allowing larger maximum

queue lengths across all aggregators. In fact, as the transmission probabilities in-

crease, so does the average entropic risk, due to higher thresholds and less UAVs

required to service all aggregators in the network. On average, in Fig. 6.6, the

proposed energy-aware scheduling algorithm increases the average entropic risk by

65 %, when increasing the queue length thresholds from [Mth, Bth] = [10, 150] to

[Mth, Bth] = [20, 450].

Fig. 6.7 shows the average transmit power per aggregator, for different tunable
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parameters, v, where ρtx = 0.5, K = 2, and [Mth, Bth] = [20, 450]. We observe

that, over the decision epochs, the average aggregator transmission power reduces

and converges to a stable outcome. In addition, we can observe that any increase in

the tunable parameter v will lead to a decrease in the average transmission power

per aggregator, due to putting more emphasis on minimising transmission power

as defined in the utility function, (6.34). The proposed energy-aware scheduling

algorithm converges at decision epoch h = 3 for v = 1, h = 6 for v = 5, and h = 5

for v = 10. Over time, the proposed energy-aware scheduling algorithm converges

to an average aggregator transmit power of 14.6 dBm for v = 1, 7.58 dBm for v = 5,

and 4.52 dBm for v = 10. Also observed in Fig. 6.7, the stationary UAV approach

also converges to a similar transmit power, due to using the same algorithm as the

proposed approach.

In Fig. 6.8, we show the average network throughput, i.e., the amount of packets

transmitted from an aggregator to a UAV during a dwelling time on average, under

different tunable parameters, v, where ρtx = 0.5, K = 2, and [Mth, Bth] = [20, 450].

In this figure, we see that any increase in the tunable parameter v will lead to a

decrease in network throughput, due to reducing transmission power per aggre-

gator (as outlined in Fig. 6.7). Hence, there is a tradeoff between maximising

network throughput and minimising transmission power, which can be observed in

the aggregator utility function, (6.34). Moreover, we observe that there is a large

oscillation in the average network throughput, which is due to the additional pack-
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ets arriving at the CH at each decision epoch, and thus, causing the queue length

of each aggregator in the network to vary. Over time, the proposed energy-aware

scheduling algorithm increases average network throughput by around 14.14 % for

v = 1, 26.78 % for v = 5, and 23.7 % for v = 10, compared to the stationary UAV

approach.

6.7 Summary of Contributions

In this chapter, we have proposed a novel distributed energy-aware scheduling

scheme for mission critical M2M communications, utilizing UAVs as flying BSs.

In the proposed model, UAVs schedule themselves in order to collect data from

each aggregator in a distributed manner, without knowing the a-priori knowl-

edge of the probabilities associated with the event driven arrival requests from

MTDs. Whereas, the aggregators determine suitable transmission power, in order

to decrease energy consumption and maximise the number of transmitted packets.

Hence, in this chapter we have answered question Q8, posed in Section 1.2.

We have modelled the problem using Lyapunov optimisation and a one-to-many

matching game. Lyapunov optimisation has been used to transform the problem

into a linear weighted function, where maximum queue length and variance across

all aggregators is bounded within the network, in order to satisfy the ultra-reliable

and low-latency constraints of mission critical M2M communications. Based on

the one-to-many matching game, we have proposed a distributed energy-aware

scheduling algorithm, in which UAVs seek to serve a subset of aggregators in order

to satisfy the URLLC constraint. We have shown that the proposed distributed

energy-aware algorithm converges to a stable matching that yields a two-sided sta-

ble matching, as well as that transmission power is minimised at a stable outcome.

Simulations results have shown that the proposed distributed algorithm guarantees

that the maximum queue length mean and variance are bounded by finite threshold

values. The results also demonstrated that aggregator transmit power is decreased

further when increasing the tunable parameter from the Lyapunov optimisation.





Chapter 7

Conclusions and Future Research

Directions

This thesis has investigated how resource allocation in multimedia IoT applications

can be optimised, such as for reliability, scalability, energy-efficiency, and quality-

of-experience, in a distributed and autonomous manner. In this chapter, we draw

some general conclusions from this thesis. We also outline some future research

directions arising from this work.

The first half of this thesis studied interference management, resource allocation,

and end-user satisfaction challenges that arise in underlaid D2D communications.

Chapter 3 addressed the fundamental problem of flexibility for application-driven

distributed resource allocation, using a dynamic multiple-objective (equivalently

multi-criteria) Stackelberg game. The proposed non-scalarised solution reduced

the real-time information exchange between D2D pairs and transmission power,

and increased network throughput, while guaranteeing best social welfare and sat-

isfaction across all D2D users. Moreover, such reduction in transmission power per

D2D pair leads to reduced intra-cell interference, which, in turn, increases battery

lifetime per D2D pair, and improves D2D user QoE and perceived benefit. Fur-

thermore, prioritising communications for certain D2D applications will also lead

to an increase in communication reliability and reduced latency.

In Chapter 4 we jointly optimised D2D mode selection, resource allocation, and

power control in a distributed and autonomous manner, using non-cooperative and

coalitional game theoretic approaches. Both approaches enabled D2D pairs to se-

lect optimal transmission mode, with the assistance of the BS, which essentially

enables D2D pairs to operate more efficiently and better utilize existing cellular

resources. In fact, the coalitional game enabled D2D pairs to cooperate and share
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information, which in turn increased system capacity and throughput, while also

reducing individual transmission power in order to reduce intra-cell interference and

prolong battery lifetime. Moreover, importantly, as the network begins to evolve

towards multimedia IoT, users will start to become more self-sufficient and intel-

ligent. Thus, we further investigated a user-assisted D2D mode selection scheme

as a viable solution, in which, the BS has partial knowledge of the network. In

practice this approach is ideal, as it requires less signalling overhead and reduced

network complexity, where extra resources within the network can be used to fur-

ther enhance and improve existing communications within the network.

The second half of this thesis studied M2M communications, which is bro-

ken down into two categories, massive M2M communications and ultra-reliable

low latency communications (URLLC). Chapter 5 addressed the problem of fully

distributed, self-organising, correlation-aware clustering for a massive number of

MTDs densely deployed in a cellular network. The problem was modelled using

evolutionary game theory and stochastic geometry. We have shown that the pro-

posed distributed algorithm converges to an ESS cluster formation, which is robust

to a small portion of deviating MTDs due to stochastic changes in the M2M en-

vironment. Simulation results showed that the proposed evolutionary algorithm

decreased transmission power per cluster, and increased the number of redundant

bits that can be eliminated in a given cluster. Hence, by eliminating more redun-

dant bits per cluster this can enable a reduction in the size of the transmitted

packets to the BS, which in turn improves overall system efficiency.

Chapter 6 addressed the problem of distributed energy-aware scheduling for

mission critical M2M communications, utilizing UAVs as flying BSs. The problem

was modelled using a one-to-many matching game with externalities and Lyapunov

optimisation. We have shown that the proposed distributed algorithm converges

to a stable matching and power allocation, and found the minimum number of

required UAVs to service a set of aggregators under different MTD traffic scenarios.

Simulations results showed that the maximum queue length mean and variance were

bounded by finite threshold values, which means that the number of UAVs is able

to service the set of aggregators within a particular geographical area and satisfy

the URLLC constraints. In addition, aggregator transmission power is reduced,

which means that aggregators do not need to be recharged as frequently in remote

locations.
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7.1 Future Research

The research area of multimedia IoT is an important field with great potential.

Following from the work presented in this thesis, there are a number of potential

future research directions:

Multi-cell D2D Communications: In Chapters 3 and 4 of this thesis, we

considered a single cell scenario when optimising mode selection, resource alloca-

tion, interference management, and end-user satisfaction. In this work, we only

considered the interference that is generated within a single-cell. However, in prac-

tical systems, there are many macro cells (multi-cells) within the network, which

can cause additional interference to D2D and cellular communications. An in-

teresting research direction, is to consider a multi-cell scenario, with other game

theoretic approaches which could be combined with the existing games in Chap-

ters 3 and 4, in order to handle the additional interference and resource block

allocation. See [211] for an example of this type of problem, where [211] does not

consider using game theoretic approaches. In fact, modelling this work using game

theory, would provide analysis of the dynamic nature of the network, particularly

when D2D pairs change transmission modes, and also provide analysis of the ef-

fect on resource allocation and interference across the different cells. Moreover,

in multi-cell scenarios a D2D pair transmitter could potentially be located in one

cell, where the receiver is in another cell, and hence these users would experience

interference from both cells.

Quality-of-Experience (QoE) in Future Wireless Networks: As dis-

cussed in this thesis, QoE is an emerging measure of quality of communications

in future wireless networks. In Chapter 3, we investigated end-user satisfaction

for D2D communications, where particular physical factors such as, reliability, pri-

ority, throughput, or transmit power, can be enhanced in order to increase D2D

user’s QoE. One possible extension of this work, would be to jointly consider other

QoE approaches, such as mean opinion satisfaction as in [39] or [124], along with

enhancing physical factors (as performed in Chapter 3), in order to capture a wider

range of user QoE. Moreover, since Chapter 3 utilises PDR as a measure of end user

satisfaction in the physical layer, a possible extension would be to emulate a proto-

col stack with at least the physical and medium access control (MAC) layers in the

simulations. Further investigation into jointly optimising mode selection, power
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allocation, resource block allocation and user QoE for D2D and cellular users, is

also another interesting research direction to significantly enhance user satisfac-

tion in future wireless networks. In fact, in multimedia IoT, there is a range of

different devices, such as CTDs and MTDs, where considering QoE for all type

of communications (i.e., cellular and M2M) could also be potential future work,

where the heterogeneity of the different applications in wireless networks could be

analysed [212].

Convergence Rate for Game Theoretic Approaches: Although game

theoretic approaches are fully distributed and autonomous, one may ask whether

the game converges in time? Or will the game tend to a stable state over time?

Investigating the convergence rate of a game is a significant research direction when

using game theory to solve particular problems for multimedia IoT. One suggestion

is to consider the channel state information (CSI) as a cost in the utility function,

where the rate of convergence will be considered in the optimisation problem of the

game, in order to show how the game converges in time for real world applications.

Dynamic Games: In this thesis we mainly focused on static deterministic

games (such as a non-cooperative game, Stackelberg game, coalitional game, and

a matching game) and a dynamic game (such as an evolutionary game). There

have been advances in dynamic Markovian games, where players do not have full

information of the game state. Since IoT networks have a time varying nature, the

Markovian games will enable players to adapt to changes in the network, as well

as modelling the channel evolution and network traffic in the game.

UAV as Flying BSs: The work in Chapter 6 focussed on scheduling UAVs

to cover aggregators on the ground and minimising the power consumption of the

aggregators. Although scheduling UAVs ensures ground users are served, UAVs

only have a finite battery lifetime. In particular, UAVs consume two forms of

power, i.e., the power consumption of the drone itself (i.e., the mechanical power

consumption), as well as the power consumption for relaying the collected data to

a BS or server, and other signalling overhead tasks [213]. Hence, power allocation

for UAVs as flying BSs is a future research direction, especially when UAVs are

deployed in remote geographical regions, where power consumption needs to be

limited in order to satisfy mission critical M2M applications. Moreover, there are

still open research problems for UAVs in multimedia IoT, such as defining realistic

UAV channel models, optimal UAV deployment, and UAV trajectory [27].
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Distributed Machine Learning: A promising future research direction for

designing future wireless networks, is the use of distributed machine learning.

Distributed machine learning will enable users in the network to improve their

performance by learning their environment and learning from their past experi-

ences [27, 214]. In fact, distributed machine learning will enable users to predict

future states or events with respect to their wireless usage and networks. Thus,

adapting distributed machine learning to the existing problems presented in this

thesis, could provide further performance benefits.
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Appendix A

This appendix contains the proofs needed in Chapter 3.

A.1 Proof of Proposition 3.1

Transmit power pdi of D2D pair i belongs to a nonempty, convex, and compact

subset of Euclidean space R
D, where transmit power is bounded by [pmin, pmax]. To

prove this, we will determine the first and second derivative of each utility function

defined in (3.6), (3.7), and (3.8) [215]. Firstly, we prove that these three utility

functions continuous within the range [pmin, pmax], as follows:

Casual class:
∂uCa,i(·)

∂pdi
= −θ′i; (A.1)

Interactive class:
∂uIa,i(·)

∂pdi
= −q +

2|gdi,di|
2k(γd − γdi)

Idi + N0

− θ′i; (A.2)

Streaming class:
∂uSa,i(·)

∂pdi
=

v|gdi,di|
2

ln(2)(Idi + N0)(γdi + 1)
− 2wpdi − θ′i; (A.3)

where

θ′i =
∂θi
∂pdi

,

∴ θ′i = δ (x + pdix
′)
(

0.5 + αj,iG̃i,BS

)
+ pdixδα

′
j,iG̃i,BS, (A.4)

x′ = ∂x
∂pdi

, and α′
j,i =

∂αj,i

∂pdi
. The intra-cell interference D2D pair i receives from

cellular user j, and other D2D pairs reusing the same resource block as cellular

user j, is given by, Idi = pcj|gcj,di|
2 +

∑
m∈M
m 6=i

pdm|gdm,di|
2. Secondly, we prove that

these three utility functions are also strictly concave with respect to transmit power,
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as follows:

Casual class:
∂2uCa,i(·)

∂p2di
= −θ′′i ; (A.5)

Interactive class:
∂2uIa,i(·)

∂p2di
= −2k

(
|gdi,di|

2

Idi + N0

)2

− θ′′i ; (A.6)

Streaming class:
∂2uSa,i(·)

∂p2di
= −

v

ln(2)(γdi + 1)2
×

(
|gdi,di|

2

Idi + N0

)2

− 2w − θ′′i ; (A.7)

where

θ′′i =
∂2θi
∂p2di

∴ θ′′i = δ (2x′ + pdix
′′)
(

0.5 + αj,iG̃i,BS

)
+ α′

j,iδG̃i,BS (x + 2pdix
′) + α′′

j,ipdixδG̃i,BS,

(A.8)

x′′ = ∂2x
∂p2

di

, and α′′
j,i =

∂2αj,i

∂p2
di

.

For (A.5), (A.6), and (A.7) to satisfy the strict concavity property,
∂2uF,i(·)

∂p2
di

< 0,

uF,i ∈ {uCa, uIa, uSa}, the following constants k, v, and w must always be greater

than zero.

In addition to the strict concavity analysis of the utility function, general su-

permodularity can also be considered. General supermodularity is a less restrictive

analysis on the utility function, and is guaranteed if the strategy set is compact

and each utility has increasing differences [216].

A.2 Proof of Proposition 3.2

The BS satisfaction fee x belongs to a nonempty, convex, and compact subset of

Euclidean space R
1, where the BS satisfaction fee x is bounded by (0, 1]. The reuse

fee αj,i also belongs to a nonempty, convex, and compact subset of Euclidean space

R
D, where the reuse fee αj,i is bounded by αj,i > 0 and [αj,min, αj,max]. Thus, we

prove that the leader’s utility function defined in (3.4) is continuous within the

leader’s strategy set (0, 1] and the reuse fee range [αj,min, αj,max] ∀j ∈ C, as follows:

∂uL(·)

∂x
=β
(
p + I i,BS(αj,i)

)
− 2xλr2, (A.9)
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∂uL(·)

∂αj,i

=βxpdiG̃i,BS − 2αj,i(pdiG̃i,BS)2. (A.10)

Furthermore, we prove that the leader’s utility function (3.4) is also strictly

concave with respect to the BS satisfaction fee x across all users in the network, as

well as the reuse fee αj,i for each D2D pair i and the corresponding cellular user j,

as follows:

∂2uL(·)

∂x2
= − 2λr2, (A.11)

∂2uL(·)

∂α2
j,i

= − 2(pdiG̃i,BS)2. (A.12)

Equation (3.4) satisfies the strict concavity property, as follows, ∂2uL(·)
∂x2 < 0 and

∂2uL(·)
∂α2

j,i

< 0.

A.3 Proof of Theorem 3.1

We have shown that all three utility functions used by the followers are strictly con-

cave, continuous, and compact, across the same strategy space, that is, [pmin, pmax].

Following from the proof in [171], if all followers utility functions, whatever they

are, are strictly concave and continuous in the same strategy space that is compact,

then a unique Stackelberg equilibrium follows.

The net utility across all followers is strictly concave, continuous, and compact,

across their strategy space [pmin, pmax], as follows:

UF (x, αj,i, pdi) =
∑

i∈B
B⊂D

uCa,i +
∑

i∈Y
Y⊂D

uIa,i +
∑

i∈Z
Z⊂D

uSa,i, (A.13)

where D2D pairs remain in one application class during the game, which means

that B 6= Y 6= Z, and thus D = B ∪ Y ∪ Z.

Thus, maximising the net utility across all followers, ensures that the BS’s per-

ception and satisfaction is maximised, ensuring followers’ maximum social welfare.
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Appendix B

This appendix contains the proofs needed in Chapter 4.

B.1 Proof of Proposition 4.2

Firstly, we prove that the utility function for cellular users defined in (4.11) and the

utility function for D2D pairs defined in (4.12) for the proposed non-cooperative

power control game, are continuous within the range [pmin, pmax]. Transmit power

pi of user i ∈ N belongs to a nonempty, convex, and compact subset of Euclidean

space R
|N |, where transmit power is bounded by [pmin, pmax]. In order to prove

the utility is continuous, the first order derivative condition must be satisfied, i.e.,
∂upci

∂pi
= 0. Note that, the proof for the cellular user utility is the same as the D2D

pair utility. We outline the proof for continuity within the range [pmin, pmax] for

D2D pair i, as follows:

∂upcdi,⋄(·)

∂pdi
= −wi +

2|gdi,di|
2vi(γd − γdi)

Idi + N0

, (B.1)

where Idi is the intra-cell interference that D2D pair i receives from cellular user j,

and other D2D pairs sharing the same resource block as cellular user j. Intra-cell

interference will equal zero for D2D paris in cellular mode and for cellular users.

Thus, the best response transmit power p∗di,
∂upci

∂pi
= 0, is derived as follows:

p∗di =
Idi + N0

|gdi,di|2

(
γd −

wi(Idi + N0)

2vi

)
, (B.2)

where the best response transmit power is searched within {pmin, p
∗
di, pmax}. Hence,

the utility function has a unique maximum, and thus, allows us to find a unique
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solution for transmit power that is always maximum.

Secondly, we prove that the utility function for cellular users defined in (4.11)

and the utility function for D2D pairs defined in (4.12) for the proposed non-

cooperative power control game, are also strictly concave with respect to transmit

power. In order to prove the utility is strictly concave, the second order derivative

condition must be satisfied, i.e.,
∂2upci

∂p2i
< 0. Again, the proof for the cellular user

utility is the same as the D2D pair utility. We outline the proof for strict concavity

for D2D pair i, as follows:

∂2upci,⋄(·)

∂2pdi
= −2vi

(
|gdi,di|

2

Idi + N0

)2

. (B.3)

From (B.3) we see that the second derivative of the utility function with respect

to transmit power satisfies the strictly concavity property, where the following

constants wi and vi must be greater than zero.

B.2 Proof of Proposition 4.3

For the utility function for the two-armed bandit game, we prove that the expected

reward is strictly concave and continuous. For simplicity reasons lets remove the

expectation in (4.16) and drop the dependence on t for αdi,RM , upcdi,⋄ , and ρ. We

outline the proof for continuity for D2D pair i ∈ N , as follows:

uarmi
(ρ) =

∫ T

t=0

r exp(−rt)
(

(1 − αdi,RM)upcdi,CM
+ ραdi,RMupcdi,RM

)
dt|ρ(0),

(B.4)

∂uarmi
(ρ)

∂ρ
=

[
− exp(−rt)

(
(1 − αdi,RM)upcdi,CM

+ ραdi,RMupcdi,RM

) ∣∣∣∣
T

t=0

]
∂

∂ρ
,

(B.5)

=
[
(1 − exp(−rT ))

(
(1 − αdi,RM)upcdi,CM

+ ραdi,RMupcdi,RM

)] ∂

∂ρ
.

(B.6)
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From (4.14), we can rewrite (B.6), as follows:

∴
∂uarmi

(ρ)

∂ρ
= αdi,RMupcdi,RM

(
1 − exp(−rT )

)
×

[
exp(−αdi,RMβδ)

(1 − ρ + ρ exp(−αdi,RMβδ))2

]
.

(B.7)

Next, we prove that the utility function for the two-armed bandit game is

strictly concave with respect to D2D pair i’s belief ρ, as follows:

∂2uarmi
(ρ)

∂2ρ
= αdi,RMupcdi,RM

(
1 − exp(−rT )

)
×

[
2 exp(−αdi,RMβδ) − 2 exp(−2αdi,RMβδ)

(1 − ρ + ρ exp(−αdi,RMβδ))3

]
. (B.8)

Equation (B.8) shows that the second derivative of the utility function with

respect to D2D pair i’s belief ρ satisfies the strict concavity property, due to the

non-cooperative transmit power utility function, upcdi,RM
, always being negative

(upcdi,RM
< 0).

B.3 Proof of Proposition 4.5

We observe that transmit power pi of user i in coalition Fπ ∈ F belongs to a

nonempty, convex, and compact subset of Euclidean space R
|Fπ |, where transmit

power is bounded by, [pmin, pmax]. Firstly we prove that the utility function defined

in (4.18) is continuous by computing its first derivative with respect to transmit

power, as follows:
∂ui(Fπ)

∂pi
=

λiγi
ln(2)pi(1 + γi)

− 2ωpi. (B.9)

Thus, (4.18) is continuous within the range [pmin, pmax]. Furthermore, we prove

that the utility function defined in (4.18) is also strictly concave, by computing the

second order derivative of the utility with respect to transmit power, as follows:

∂2ui(Fπ)

∂p2i
= −

λiγ
2
i

ln(2)p2i (1 + γi)
2 − 2ω. (B.10)

In order for (4.18) to satisfy the strict concavity property, ∂2ui(Fπ)

∂p2i
< 0, the

following terms λi, pi, γi, and ω must always be greater than zero. Therefore, the

utility function defined in (4.18) for each user in the CLC game is strictly concave
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and continuous with respect to transmit power pi.

B.4 Proof of Theorem 4.1

The coalition partition F∗ is obtained for all cellular and D2D users from the

proposed Algorithm 3 or Algorithm 4. Let F ′ be any other coalition partition

which is different to F∗. For all cellular and D2D users, with the following coalition

partition: ∑

i:∃Fπ∈F∗,i∈Fπ

ui(F
∗) ≥

∑

i:∃Fπ∈F ′,i∈Fπ

ui(F
′) (B.11)

and according to Definition 4.9, the achieved coalition partition F∗ is Nash stable.

Thus, the proposed CLC game achieves a Nash stable coalition partition that is

socially efficient, where social efficiency maximizes social welfare across all coali-

tions (where the social welfare considered is the sum of all utility functions within

the game) [72, 177]. We also see that F∗ is individually stable and contractually

individually stable, as outlined in Remark 4.7.
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Appendix C

This appendix contains the proofs needed in Chapter 5.

C.1 Derivation of Equation (5.11): Closed-Form

Expression for the Utility Function

The utility function uKi,j
(t) of typical cluster Ki,j choosing type j, is expressed as

follows:

uKi,j
(t) = −

1

j

j−1∑

k=1

∫ rj

0

(
E(Ij)

gki

)(
2

Hk
TB − 1

)
f
(k)
Di

(r)dr −
1

j

(
BN0

gi

)(
2

HKi,j

TB − 1

)
− δj.

(C.1)

In (C.1), there is a tradeoff between average cluster size and average trans-

mission power for MTDs. Thus, as the average cluster size increases, the average

transmit power per cluster also increases, due to the increasing number of MTDs on

average. The proposed utility function in (C.1) captures the average transmission

power for all MTDs across the M2M and cellular links within the cluster, sending

all the gathered data of the cluster. From (5.3), we can rewrite (C.1) as follows:

uKi,j
(t) = −

1

j

j−1∑

k=1

∫ rj

0

(
E(Ij)

(
4πr

µ

)ν)(
2

Hk
TB − 1

)
f
(k)
Di

(r)dr−

1

j

(
BN0

gi

)
2

Hm+Hm(j−1)

(
1− α

rj
c +1

)

TB − 1


− δj. (C.2)

The utility function in (C.2) for a given cluster Ki,j, is a function of the cluster

radius rj and the cluster type j, where j is equal to the average cluster size,
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j = Ki,j. Furthermore, from (5.7) and (5.10), we can rewrite the utility function

(C.2) of cluster Ki,j choosing type j as a closed-form expression, as follows:

uKi,j
(t) = −

1

j

(
4π

µ

)ν

E(Ij)
(

2
Hm
TB − 1

) j−1∑

k=1

(j − 1)!

(k − 1)!(j − 1 − k)!

∫ rj

0

2rν+1

r2j

(
r2

r2j

)k−1

×

(
1 −

r2

r2j

)j−1−k

dr −
1

j

(
BN0

gi

)

2

Hm+Hm(j−1)



1− α
rj
c +1





TB − 1


− δj.

(C.3)

To further simplify (C.3), if r2

r2j
= a, then dr =

rjda

2a
1
2

and r = rja
1
2 . Thus:

∫ rj

0

2rν+1

r2j

(
r2

r2j

)k−1(
1 −

r2

r2j

)j−1−k

dr =

∫ 1

0

2arν−1
j a

ν−1
2 ak−1 (1 − a)j−1−k rjda

2a
1
2

∴ = rνj

∫ 1

0

ak+
ν−2
2 (1 − a)j−1−k da. (C.4)

Since
∫ rj

0
2rν+1

r2j

(
r2

r2j

)k−1 (
1 − r2

r2j

)j−1−k

dr =
rνj Γ(j−k)Γ(k+ v

2
)

Γ(j+ v
2
)

, where Γ(·) is the Gamma

function, and j and k are integers, such that j > k, and 2k + ν > 0 where ν > 2

and ν is not an integer. Thus, (C.3) can be rewritten as:

uKi,j
(t) = −

1

j

(
4π

µ

)ν

E(Ij)
(

2
Hm
TB − 1

) j−1∑

k=1

(j − 1)!

(k − 1)!(j − 1 − k)!

rνj Γ(j − k)Γ(k + ν
2
)

Γ(j + ν
2
)

−

1

j

(
BN0

gi

)

2

Hm+Hm(j−1)



1− α
rj
c +1





TB − 1


− δj. (C.5)

Since path loss, ν, is not always an integer we cannot express (C.5) as a function

of factorials, thus we can further simplify (C.5) in terms of the Γ function, given

that Γ(n) = (n − 1)!, Γ(n + 1) = nΓ(n), and (n − 1 − m)! = Γ(n − m), where n

and m are positive integers. (C.5) can be rewritten as:

uKi,j
(t) = −

1

j

(
4πrj
µ

)ν

E(Ij)
(

2
Hm
TB − 1

) j−1∑

k=1

Γ(j)Γ(k + ν
2
)

Γ(k)Γ(j + ν
2
)
−

1

j

(
BN0

gi

)

2

Hm+Hm(j−1)



1− α
rj
c +1





TB − 1


− δj. (C.6)
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Therefore, by deriving the closed-form expression of the summation in (C.6),
∑j−1

k=1

Γ(j)Γ(k+ ν
2
)

Γ(k)Γ(j+ ν
2
)

= 2(j−1)
2+ν

, we can find the closed-form expression of (C.1), as defined

in (5.11).

C.2 Proof of Theorem 5.1

Since the set of cluster types in game GE is finite, the replicator dynamic will con-

verge to the steady state which is the (symmetric) mixed strategy Nash equilibrium

of GE [217]. Let x∗ be the converged population state of the replicator dynamic

from proposed Algorithm 5. Following (5.12), at the converged population state of

proposed Algorithm 5, we have:

∂ẋ∗
j(t)

∂x∗
m(t)

=





uKi,j
(x∗, t) − UKi

(x∗, t) +
(

∂uKi,j
(x∗,t)

∂x∗
j (t)

−
∂UKi

(x∗,t)

∂x∗
j (t)

)
x∗
j , for j = m

(
∂uKi,j

(x∗,t)

∂x∗
m(t)

−
∂UKi

(x∗,t)

∂x∗
m(t)

)
x∗
m, for j 6= m

(C.7)

Based on (5.12), at the convergence, for any 0 < x∗
j(t), uKi,j

(x∗, t)−UKi
(x∗, t) =

0. Moreover,
∂uKi,j

(x∗,t)

∂x∗
j (t)

= uKi,j
,
∂UKi

(x∗,t)

∂x∗
j (t)

= uKi,j
(x, t)+uKi,j

(x, t)x∗
j+
∑

n∈S\{j} uKi,nj
(x, t)x∗

n,
∂uKi,j

(x∗,t)

∂x∗
m(t)

= uKi,jm
, and

∂UKi
(x∗,t)

∂x∗
m(t)

= uKi,m
(x, t)+uKi,jm

(x, t)x∗
m+
∑

n∈S\{m} uKi,jn
(x, t)x∗

n

. Therefore, (C.7) can be rewritten as follows:

∂ẋ∗
j(t)

∂x∗
m(t)

=
(
uKi,jm

(x∗, t) − 2uKi,m
(x∗, t)

)
x∗
m. (C.8)

Since x∗ is mixed strategy Nash equilibrium, i.e., uKi,m
(x∗, t) ≤

∑
j′∈S uKi,mj′

(t)x∗
j′ ,

and based on (5.13) uKi,m
(x∗, t) =

∑
j′∈S uKi,mj′

(t)x∗
j′ , and thus,

∂ẋ∗
j (t)

∂x∗
m(t)

< 0. Con-

sequently, the convergence state of the proposed algorithm, and specifically the

steady state of the replicator dynamic in (5.12) is locally asymptotically stable.

Since steady state of the replicator dynamic is a locally asymptotically stable state

in our problem, then the proposed Algorithm 5 will converge to ESS [217, 218].

This completes the proof.

We assume xǫ is a preference profile vector, where ǫ potion of MTDs deviate

while the remaining 1 − ǫ potion of MTDs choose the converged population state

x∗. Let xǫ
j = x∗

j + ǫj
∂ẋj

∂xj
(x∗). Since, 0 ≤ xǫ

j, we have:

|ǫj| ≤ 1, ∀j ∈ S, (C.9)
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∑

j∈S

ǫj = 0, (C.10)

∴ |ǫj| ≤
1

2uKi,j
(x∗, t) − uKi,j

(x∗, t)
∀j ∈ S. (C.11)

To hold the above inequalities, the maximum value of ǫ is given by (5.16).
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Appendix D

This appendix contains the proofs needed in Chapter 6.

D.1 Proof of Lemma 6.1

Considering the fact that for any ∀x ∈ R, (max{x, 0})2 ≤ x2, first by squaring

both sides of (6.6):

q2g(h+1) − q2gh ≤ (qgh − dgk,h)2 + a2gh + 2aghqgh − q2gh. (D.1)

By simplification, we have:

q2g(h+1) − q2gh

2
≤

d2gk,h + a2gh
2

− qgh(dgk,h − agh). (D.2)

Similarly,

z21(h+1) − z21h

2
≤

(Qh −Mth)2

2
+ z1h(Qh −Mth), (D.3)

z22(h+1) − z22h

2
≤

(Q2
h − Bth)2

2
+ z2h(Q2

h − Bth). (D.4)

By taking conditional expectations of (D.2)-(D.4) and summing them, and then

adding v, we have:

Lh+1 − Lh ≤I +
G∑

g=1

qgh(agh − dgk,h) + z1h(Qh −Mth)+ (D.5)

z2h(Q2
h − Bth) (D.6)
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where I =
H2+(maxg |Gg |)2+M2

th+B2
th

2
because dgk,h ≤ H and agh ≤ maxg |Gg|. Thus, we

see that the lemma follows.

D.2 Proof of Theorem 6.1

At each decision epoch h, all UAVs k ∈ K are involved in the one-to-many matching

game. The convergence of Algorithm 6 at each decision epoch h is guaranteed, since

a UAV never proposes to a CH twice. In the worst case, all UAVs will propose to

all CHs once, in decision epoch h.

Once the algorithm converges, the resulting matching between UAVs and CHs

is two-sided stable. Let’s assume that there exists a UAV and CH pair, (k, g) 6∈ Φ,

that blocks the matching Φ. Firstly, since the algorithm has converged, this means

that UAV k does not need to change the subset of CHs it is serving. Thus, UAV

k would not replace any CH subset Skh ∈ Φ(k) with S ′
kh, as Skh ≻k S

′
kh. Secondly,

if UAV k wanted to now propose to CH subset S ′
kh, then this would have occurred

earlier prior to convergence. On the other hand, if UAV k did propose to CH subset

S ′
kh prior to convergence and the proposal was rejected, this means that Φ(g) ≻g k,

where g ∈ S ′
kh, which contradicts that (g, k) is a blocking pair.

D.3 Proof of Theorem 6.2

In Theorem 6.1, we have proved that the one-to-many matching game will converge

to a two-sided stable matching. Therefore, we need to prove that the convex

optimization problem in (6.35) for CH power allocation will also converge to a

stable outcome. We have considered a power control game to solve the optimization

problem in (6.35), and observe that transmit power pgh for CH g belongs to a

nonempty, convex, and compact subspace of Euclidean space R
|A|. Note that

transmit power is bounded by, [0, Pmax]. Firstly, we prove that the utility function

(6.34) defined in the optimization problem (6.35) is continuous, by computing its

first derivative with respect to transmit power, as follows:

∂Ug(·)

∂pgh
=

βξgk,t

DgBσ2
(

1 +
pghβξgk,t

Bσ2

)
ln(2)

− v. (D.7)

Thus, the utility in (6.34) is continuous within the range [0, Pmax]. Next, we



D.3 Proof of Theorem 6.2 181

prove that the utility (6.34) is also strictly concave, by computing the second order

derivative with respect to transmit power, as follows:

∂2Ug(·)

∂p2gh
= −

(βξgk,t)
2

Dg(Bσ2)2
(

1 +
pghβξgk,t

Bσ2

)2
ln(2)

< 0. (D.8)

Therefore, the utility function (6.34) defined in the optimization problem (6.35)

for each CH is strictly concave and continuous with respect to transmit power, and

thus, will guarantee convergence to a stable transmit power outcome.

Overall, in each decision epoch h, the matching and power allocation guarantees

that the total sum utility, i.e., Usum,h =
∑

k∈K Uk(Skh,Φ,Ψ1,Ψ2)+
∑

g∈A Ug(k,Φ,Ψ1,Ψ2),

will grow, as follows:

Usum,h ≥ Usum,(h−1). (D.9)

In particular, since the number of matches is finite, there must exist at least one

optimal matching which leads to the maximum sum utility, i.e., maximum social

welfare.





Bibliography

[1] ITU-R, “Minimum technical performance requirements for IMT-2020 radio

interface(s),” ITU - International Telecommunication Union, Tech. Rep.

Workshop, 2016.

[2] Sergey Andreev, Dmitri Moltchanov, Olga Galinina, Alexander Pyattaev,

Aleksandr Ometov, and Yevgeni Koucheryavy, “Network-assisted device-to-

device connectivity: Contemporary vision and open challenges,” in Proc. of

21th European Wireless Conference, Budapest, Hungary, May 2015, pp. 1–8.

[3] Qin Wang, Yanxiao Zhao, Wei Wang, Daniel Minoli, Kazem Sohraby, Hongbo

Zhu, and Ben Occhiogrosso, “Multimedia IoT systems and applications,” in

Proc. of Global Internet of Things Summit (GIoTS), Geneva, Switzerland,

Jun. 2017, IEEE, pp. 1–6.

[4] Nisha Panwar, Shantanu Sharma, and Awadhesh Kumar Singh, “A survey

on 5G: The next generation of mobile communication,” Physical Communi-

cation, vol. 18, pp. 64–84, Mar. 2016.

[5] Ala Al-Fuqaha, Mohsen Guizani, Mehdi Mohammadi, Mohammed Aledhari,

and Moussa Ayyash, “Internet of things: A survey on enabling technologies,

protocols, and applications,” IEEE Communications Surveys & Tutorials,

vol. 17, no. 4, pp. 2347–2376, 2015.

[6] Alessandro Floris and Luigi Atzori, “Quality of experience in the multimedia

internet of things: Definition and practical use-cases,” in Proc. of IEEE

International Conference on Communication Workshop (ICCW), London,

UK, Jun. 2015, pp. 1747–1752.

[7] Cisco, “Cisco visual networking index: Forecast and trends, 2017–2022,”

White Paper, Nov. 2018.

183



184 Bibliography

[8] Jeffrey G Andrews, Stefano Buzzi, Wan Choi, Stephen V Hanly, Angel

Lozano, Anthony CK Soong, and Jianzhong Charlie Zhang, “What will

5G be?,” IEEE Journal on selected areas in communications, vol. 32, no. 6,

pp. 1065–1082, Jun. 2014.

[9] Jiajia Liu, Nei Kato, Jianfeng Ma, and Naoto Kadowaki, “Device-to-device

communication in LTE-Advanced networks: A survey,” IEEE Communi-

cations Surveys & Tutorials, vol. 17, no. 4, pp. 1923–1940, Fourthquarter

2015.

[10] Shancang Li, Li Da Xu, and Shanshan Zhao, “5G internet of things: A

survey,” Journal of Industrial Information Integration, Jun. 2018.

[11] Thomas Fehrenbach, Rohit Datta, Barış Göktepe, Thomas Wirth, and Cor-
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