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Abstract

In an attempt to address rocketed connectivity and bandwidth demands in 5G
wireless networks, Non-Orthogonal Multiple Access (NOMA) and Cognitive Radio
(CR) concepts have been proposed. The former addresses increased connectivity
requirements by allowing multiple users in the same NOMA group to utilise the
same channel resources. The latter enhances spectrum efficiency by intelligently al-
lowing spectrum sharing between primary and secondary networks, if secondary to
primary network interference is properly managed. To prolong connectivity/ser-
vice life-time of battery capacity constrained Internet of Things (IoT) devices,
Energy Harvesting (EH) technique has been identified as the technology that can
enable such devices to harvest energy from ambient sources present in the envi-
ronment. This research work is motivated by the observed surge in adoption of
IoT devices around the globe. The resulting adoption has brought about the need
to investigate performance of different IoT system models and hence, understand
potential applicability and optimization options for different services.

The focus of this dissertation is to model and analyse the performance of an
EH Cognitive Radio Non-Orthogonal Multiple Access (CR-NOMA) IoT network.
To accomplish this, a simplified energy harvesting CR-NOMA IoT network is
considered. The considered network consists of primary and secondary network
components. The primary network contains Macro Base-Station (MBS) and Pri-
mary Network users (PUs), while the secondary network is made up of Secondary
Base-Station (SBS) and multiple CR-NOMA groups containing two Secondary
Users (SUs) each. To analytically capture the stochastic nature of energy harvest-
ing process and cater for residual energy from one transmission frame to the next,
each SU’s energy level in the battery is discretized to represent the state of each SU
during each transmission frame; with this, we derive a complete Markovian model
for the considered system model using queueing theory and Markovian analysis.
Two Markovian models are developed for the considered system model, with one
assuming that the SUs are harvesting energy from the SBS (one energy source)
and the other, adopting an assumption that energy is harvested from both the
SBS and MBS (two energy sources).

The considered system performance is analysed in terms of up-link system
outage probability and mean capacity. To provide detailed insights, closed-form
analytical expressions for up-link outage probability and mean capacity for each
user in the CR-NOMA group are derived using the Markovian models as the ba-
sis. Produced analytical results are confirmed through simulations using Matlab.
Simulation results matched the analytical results, this confirmed the validity of
the derived analytical expressions for SUs outage probability and mean capacity.
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Both performance metrics are studied and the impact of varying different network
parameters on outage probability and mean capacity is investigated. For out-
age probability, results are generated which demonstrate SUs outage performance
as we vary Signal-to-Interference-plus-Noise Ratio (SINR), interference threshold,
and battery power level. Similarly, mean capacity results are generated to illus-
trate each SU mean capacity performance while varying their battery levels, this
is done for different values of primary transmit power and interference threshold.
Performance results observed as different parameters are varied for outage prob-
ability and mean capacity align with the theoretical performance expected when
those parameters are changed. The significance of this work lies in providing ana-
lytical tools to assess the performance of the CR-NOMA IoT system with energy
harvesting (EH). These tools enable easy computation of system performance in-
dicators such as outage performance and mean capacity. Attempting the same
assessment through simulation would be a cumbersome process.
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Chapter 1

Background

1.1 Introduction

Multitudes of Internet of Things (IoT) devices around the globe are connected
via mobile networks. This connectivity enables development of new innovative
services and applications with extreme capacity and performance demands. Wire-
less networks need to evolve to accommodate the surging number of connectivity
requirements. IoT devices are energy constrained and to compensate for their
limited energy storage capabilities, researchers have developed Energy Harvesting
(EH) [1] technique. This technique allows IoT devices to harvest energy from
multiple different ambient sources. EH is envisioned to prolong the battery life
of wireless IoT devices. To cater for recent network deployments with high band-
width and connectivity demands, technologies like Cognitive Radio (CR) [2] and
Non-Orthogonal Multiple Access (NOMA) [3] techniques have been developed.
The former is designed to achieve efficient spectrum utilization while the latter
addresses high connectivity requirements. To ensure that network deployments
accommodate services with increased connectivity and bandwidth demands, the
network models proposed should facilitate how the above mentioned technologies
(CR, NOMA, and EH) can be effectively integrated within a single system model
to leverage the benefits all these technologies at the go.

1.2 Problem Statement

Different system models designed using a combination of CR, NOMA and EH
techniques have been studied in literature, these includes the following:

• CR-NOMA networks without EH aspect.
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• EH CR networks without NOMA element.

• Simple EH systems without the incorporation of CR and NOMA.

• System models that incorporated CR, NOMA and EH concepts.

Though, the above system models have been extensively studied in litera-
ture, performance analysis of a CR-NOMA IoT system with EH that captures
the stochastic nature of energy harvesting process, while also catering for residual
energy between subsequent transmission frames has not been covered.

Referencing the above listed system models that have already been studied, the
following research works investigate system models where CR-NOMA networks are
modelled without EH component. Authors in [4–10], analysed the performance of
CR-NOMA systems using metrics such as error rate, transmission rate, and out-
age probability. Optimal performance of CR-NOMA systems have been studied
in [11–14], where different optimization techniques were used to analyse optimal
performance of CR-NOMA systems. These studies did not incorporate EH in their
system models, this is what separates their work to the one carried out in this dis-
sertation.

Studies in [15–18], worked on performance analysis and optimization of CR
networks with EH. Studies in [15,16] focused on investigating optimal power allo-
cation in CR networks. Authors in [17] worked on optimal channel access policy
to maximize secondary user throughput. The study in [18], investigated optimal
charging policies and then, analysed end-to-end outage probability of the proposed
system model. All these studies did not incorporate NOMA in their system mod-
els. The first two papers [15, 16] focused mainly on optimization issues, which is
a different focus area to the research work in this submission. The last paper [18]
referenced, does analyse outage probability as we do in this research work, but
their approach is completely different because their system model does not incor-
porated NOMA.

Authors in [19–21] investigated performance of system models with data-energy
queues, but their system designs did not incorporate neither CR nor NOMA con-
cepts. The study in [19], worked on a simple assumption that an energy packet
routes one workload or data packet. In this dissertation, mean system capacity is
statistically derived showing its dependence on channel conditions and available
battery energy from which user transmit power is computed. Thus, our approach
closely resembles the real-world scenario as we also cater for residual energy from
one transmission frame to the next. Authors in [20] studied an optimal power
control policy and proposed an online power control algorithm for their system
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model. Though, their analysis used queueing theory as in this dissertation, power
control is not the area of our focus and their system model is missing CR and
NOMA components. The study in [21] made an assumption that either one chunk
of energy is harvested or none is, in the considered energy harvesting time interval.
This assumption does not closely represent an actual practical energy harvesting
process in which one or more energy chunks can be harvested during the considered
energy harvesting duration. In our study, we approach energy harvesting as an
exponentially distributed random process which closely represents practical energy
harvesting process and caters for energy residuals from one transmission frame to
the next.

Authors in [22–28] proposed system models similar to the one proposed in this
study, their models include combination of the three technologies: CR, NOMA,
and EH. Though, there are similarities in the system models they proposed with re-
gard to the involved technologies, the focus of their research work is different from
what is in scope for this dissertation. Articles [22,23] focused on optimal resource
allocation in EH cognitive NOMA networks, which has a different focus area from
the work done in this dissertation. Authors in [25, 27] investigated throughput
maximization analysis which is not our focus area. Authors in [28] focused only
on outage probability analysis and their system model simulated Device-to-Device
(D2D) network communication. The study in [26] performs analysis of bit error
rate which is not in scope for this research work. Though, article [28] does analyse
outage probability, which is within the scope of work in this dissertation, their sys-
tem model considers D2D communication and is not part of our focus. The work
in [28] also does not include mean capacity analysis. The works in [23, 24] have
system models that incorporated both CR, NOMA, and EH technologies. The
research work they looked at focuses on security analysis, which is out of scope for
the work in this dissertation, though it can be a potential extension.

The studies in [29–31] carried out performance analysis for system models with
CR, NOMA, and EH. Though, their analysis carry out outage probability analysis,
they considered downlink NOMA as opposed to uplink NOMA analysis considered
in this dissertation. They included EH component when performing their analysis,
but different from the work carried out in this dissertation, the downlink power
selection in their works is based on energy-harvested power (PEH), and the inter-
ference threshold power ( Iit

H
), where Iit is the interference threshold power and H

is the channel gain (scalar), Pt = min
(
PEH ,

Iit
H

)
. There has been no consideration

for residual energy from one transmission frame to the next in their analysis as is
done in this dissertation. At each transmission frame, they only considered energy
harvested in that frame to be used during the transmission. This assumption does
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not consider the residual energy that might have been left unused from the previ-
ous transmission frame. Residual energy comes in to play based on the practical
consideration that it is not in every case that harvested energy will be used up
within that transmission frame. The residual energy occurs when the transmit
power selection is constrained on the interference constraint, where the battery
power equivalent to interference threshold is less than the available battery energy
power.

Though, multiple works have been done covering system models deploying CR,
NOMA, and EH as discussed in the previous paragraphs in this section, there is
currently no work that closely resemble the work done in this dissertation. Specif-
ically, with regards to how the analysis of outage probability and mean capacity
are carried out. We first develop Markovian model which realistically caters for
the stochastic nature of energy harvesting and the residual energy from one trans-
mission frame to the next. Then, use the derived Markovian model to develop
closed-form expressions for SUs outage probability and mean capacity. These per-
formance metrics are verified using simulations in matlab. This dissertation will
aid in understanding the performance of CR-NOMA IoT systems with Energy
Harvesting (EH), including aspects such as IoT battery energy evolution, out-
age probability, and achievable transmission rates. This will in-turn allow other
researchers, vendors, and operators to have some basis for optimization consider-
ations. The results of this study can also be used in deciding viable use cases for
CR-NOMA IoT systems with EH.

1.3 Research Question

The main research question for this study is:

• How does battery energy and channel dynamics affect performance of an EH
CR-NOMA IoT system?

In order to tackle the above main question, the following sub-questions need
to be addressed:

1. How can system states of an EH CR-NOMA IoT system be modelled using
queueing theory and Markovian analysis?

2. How can outage probability of an EH CR-NOMA IoT system be statistically
modeled using queueing theory and Markovian analysis?

3. How can mean capacity of an EH CR-NOMA IoT system be derived using
Markovian analysis and queueing theory?
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1.4 Research Methodology

The methodology below has been adopted in addressing the research questions
above:

• Perform a thorough literature review around performance modeling of net-
work designs that deploy any combination of NOMA, CR and EH technolo-
gies.

• Consider a system model where CR-NOMA and EH technologies coexists in
the same network design.

• Derive Markovian model of the considered system model.

• Use Markovian analysis and queueing theory to determine outage probability
for the considered EH CR-NOMA IoT system.

• Use Markovian analysis and queueing theory to derive a closed-form expres-
sion for mean capacity for the considered EH CR-NOMA IoT system.

• Verify the derived analytical expressions using Matlab simulations.

1.5 Research Contributions

The main contributions of this research work can be summarized as follows:

• A system model for EH CR-NOMA enabled IoT network is considered.

• Markovian model for the considered EH CR-NOMA IoT system is accurately
derived.

• Analytical outage probability for the considered EH CR-NOMA IoT system
is accurately determined.

• The considered EH CR-NOMA IoT system mean capacity is accurately de-
rived.

• System behaviour of the considered EH CR-NOMA IoT system is analysed
by varying different network parameters and observing its outage and mean
capacity performance.
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1.6 Dissertation Structure

This dissertation is structured as follows; literature review covering background
concepts and relevant research work is covered in Chapter 2. Chapter 3 covers
description of the considered EH CR-NOMA IoT network and its Markovian anal-
ysis. Chapter 4 outlines EH CR-NOMA IoT network outage probability analysis.
The considered EH CR-NOMA IoT system mean capacity analysis is covered in
Chapter 5. The conclusion of the work done in this dissertation is covered in
Chapter 6, this chapter also covers potential future research directions to improve
this body of work.
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Chapter 2

Literature Review

2.1 Background Concepts

2.1.1 Cognitive Radio (CR)

The surge in bandwidth hungry wireless applications have led to an increased de-
mand for the scarce wireless radio spectrum resource [32]. In order to address
this problem, the Federal Communications Commission (FCC) approved that un-
licensed devices can utilize licensed spectrum in a way that the licensed user (pri-
mary user) would not be affected [33]. This approval inspired the development of
hierarchical spectrum sharing systems in which the secondary users are allowed to
access and use the underutilized spectrum of the primary users without harmfully
degrading their QoS, one of these spectrum sharing systems is CR networks.

In CR Networks, there exists two types of users, these are; the Primary Radio
(PR) user and the secondary user. The PR user operates in the primary network
and has the licensed spectrum, while the CR user has no licensed spectrum and
operates on unlicensed or re-uses the PR user licensed spectrum [33]. The PR
user preempt the CR user if the PR becomes active while the CR user is using the
spectrum, the CR user would then switch to another available idle spectrum from
the spectrum pool [34]. There are other multiple works in literature that touch on
the concept of CR networks, these include but not limited to [35–37]. High-level
overview of CR network is presented in Fig. 2.1.

2.1.2 Non-Orthogonal Multiple Access Technique (NOMA)

NOMA is the radio access technology designed with the principal aim of improv-
ing system capacity in a cost-effective manner for cellular networks [38]. NOMA
is considered as a promising multiple access technique for 5G and beyond 5G sys-
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Figure 2.1: Cognitive Radio Network

tems. With NOMA, multiple User Equipments (UEs) can be co-scheduled to share
the same radio resources in time, frequency or code [39]. Multiple schemes have
been proposed for NOMA including, power domain NOMA [40, 41], Sparse Code
Multiple Access (SCMA) [42], Pattern Division Multiple Access (PDMA) [43],
Resource Spread Multiple Access (RSMA) [44], Multi-User Shared Multiple Ac-
cess (MUSA) [45], Interleave-Grid Multiple Access (IGMA) [46], Welch-bound
Equality Spread Multiple Access (WSMA) [47], Interleave-Division Multiple Ac-
cess (IDMA) [48], Non-orthogonal Coded Multiple Access (NCMA) [49], Asyn-
chronous Coded Multiple Access (ACMA) , Low Code Rate Spreading (LCRS)
, Non-Orthogonal Coded Access (NOCA) , Low Code Rate and Signature based
Shared Access (LSSA), as well as User Grouped Multiple Access (UGMA) [50].
All these techniques follow the superposition principle, the main difference among
them is the signature design of the UEs which is based on spreading, coding,
scrambling, or interleaving distinctness [39]. More work around NOMA can also
be referenced in other research works such as in [51, 52]. In its simplest form,
NOMA can be illustrated as shown in Fig. 2.2 for downlink.

The scheme assumes two UEs case with a single transmitter, and a single re-
ceiver antenna, served by a single antenna base-station. The base-station always
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Figure 2.2: Basic Downlink NOMA Illustration with SIC at UE Receivers

sends data to the two UEs simultaneously using superposition coding [53] tech-
nique, subject to power constrained in the case of Power Domain NOMA [54]. The
UEs wireless channels are assumed to be identically distributed and independent.
Further, they are assumed to experience fading and Additive White Gaussian Noise
(AWGN). They are also sorted such that UE2 is always the one with the weak-
est instantaneous channel gain. The UEs use Successive Interference Cancellation
(SIC) [55] to decode the signals. Note that for uplink a similar process is followed
but SIC is applied at the base-station receiver to decode UEs signals.

2.1.3 Energy Harvesting (EH)

Recent emphasis on green communication and insufficient energy storage capability
has generated a great interest in the investigation of energy harvesting commu-
nications and networking. Energy harvesting from ambient energy sources can
potentially reduce the dependence on the supply of grid or battery energy, provid-
ing many attractive benefits to the environment and beyond [56]. Generally, energy
harvesting sources can be divided into four types, these are: solar/light [57], ther-
moelectric power [58], mechanical motion [59] and electromagnetic radiation [60].
The principal goal of EH is a self-sustainable, maintenance free network commu-
nication devices.

Energy harvesting refers to harnessing energy from the environment or other
energy sources and converting it to electrical energy which is then used to power
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the device [61]. The typical energy harvesting device consists of EH module that
converts ambient energy to electrical energy, which is in turn stored in the storage
element, typically a rechargeable battery or a super capacitor [62].

2.1.4 Queueing Statistical Modeling

Queueing theory is a powerful tool for performing traffic analysis in communi-
cation networks to make accurate prediction of their performance. In applying
queueing theory to communication networks, the server(s) are modelled as the
network nodes in a communication system and the buffer on the network nodes as
the data queue, then queuing theory concepts are applied to analyse the system
behaviour. For this research work, our system model adopts a single queue used to
analytically model energy stored in the secondary user battery storage, this energy
is used to facilitate transmission of the data packets. The battery energy in the
energy queue is quantized to be able to analytically model it as the energy queue,
where each quantization represent an energy level in the battery. Data packets
transmission depends on available energy in the secondary user energy queue and
the transmission channel characteristics.

2.2 Relevant Research Work

2.2.1 Cognitive Radio NOMA-aided (CR-NOMA) Networks

To leverage the benefits of both CR and NOMA technologies, researchers have pro-
posed multiple designs of CR-NOMA based system models. Within these works,
the researchers have analysed and optimised some of the key performance indica-
tors of CR-NOMA networks to ensure optimal performance. Below, we cover some
of the work done around CR-NOMA system models.

2.2.1.1 Performance Analysis

In order to understand the performance limits and propose the potential applica-
tions for CR-NOMA networks, it is of out-most importance that researchers model
and analyse the performance of these networks. The following discussion covers
research works that engulf this aspect.

Authors in [4–7], study the performance analysis of different CR-NOMA net-
work designs by investigating different performance parameters such as error rate,
transmission rates, and network outage. The study in [4] investigates NOMA
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transmission with 5G enabled cognitive femtocell to attain higher spectral effi-
ciency and to maximize the sum rate of the femto users with guaranteed QoS. They
then, propose a paring algorithm between strong and weak users to reduce NOMA
interference between different femto users. In [5] authors investigate error rate per-
formance of relay-assisted NOMA with partial relay selection in an underlay CR
network. In their set-up, relays are used to assist transmission between secondary
NOMA users and secondary base station, where the relay with the strongest link
with the secondary base station is selected to amplify-and-forward received sig-
nals to the secondary users. The authors then derive an accurate approximation
for the Pairwise Error Probability (PEP) of the secondary users with imperfect
SIC. They then, subsequently utilize PEP expression to deduce a union bound,
which is considered an upper bound on the bit error rate. Finally, an optimization
problem is formulated to calculate the optimum power coefficients that minimize
the derived union bound. Authors in [6], study performance of a CR network
in the context of Vehicle-to-Everything (V2X), NOMA is applied to their system
model which they refer to as CR-assisted NOMA-V2X. In their proposed system,
they consider two schemes related to Vehicle-to-Vehicle (V2V) transmissions to
enhance the performance of the vehicle that needs higher QoS. The research work
in [7], studies the down-link outage and throughput performance in the secondary
networks of CR-NOMA systems and investigates both OMA and NOMA with re-
spect to the status of decoding operation of each user. Depending on the transmit
Signal-to-Noise Ratio (SNR) at the primary source and interference constraints
from the primary network, the closed-form expressions for outage probability of
the two users are obtained and compared in terms of performance.

The studies in [8–10] focus on the aspect of outage probability in CR-NOMA
networks. Paper [8], investigates the Outage Probability (OP) gap among NOMA
users which is due to different power allocation factors. Multiple existing NOMA
schemes consider power allocation factors, while the authors in [8] propose a
paradigm which exhibits optimal outage scenario of Device to Device (D2D) trans-
missions. They first derive outage probability, from which approximate outage
performance can be achieved. The authors in [9], study the outage probability of
the cooperative underlay CR networks consisting of a secondary relay node and
k NOMA Secondary Destinations Users (SDUs) under imperfect Channel State
Information (CSI) conditions. They derive generalized closed-form expressions for
the OP of NOMA-enabled SDUs. Their numerical results show that a superior
performance is obtained from their considered system relative to cooperative OMA
scheme in terms of OP. Article [10], investigates outage and throughput perfor-
mance of CR-NOMA network under Partial Relay Selection (PRS) scheme. The
authors derive an analytical expression for outage probability experienced by the
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secondary users under imperfect Successive Interference Cancellation (i-SIC) con-
ditions. They also consider the interference threshold constraint of the primary
receiver and the maximum transmit power constraint of the secondary nodes.

Authors in [29–31], carried out performance analysis of cognitive NOMA-based
EH harvesting networks. Authors in [29] study a novel wireless powered cogni-
tive NOMA-based IoT relay networks to improve the performance of a cell-edge
user under perfect and imperfect SIC. To analyse the considered system perfor-
mance, an exact closed-form analytical expressions for downlink outage probabil-
ity of NOMA users and the overall system throughput are derived. To provide
further insights, a performance floor analysis is carried out considering two power-
setting scenarios: 1) the transmit powers at the power beacon going to infinity.
2) maximum allowable power constraint going to infinity. They then, develop two
iterative algorithms for minimizing outage probability of the users and maximiz-
ing system throughput subject to time-switching and power-allocation factors in
two-hop transmission. Authors in [30] propose a relaying scheme in an underlay
cognitive radio network. The power required for the relay operation is based on ap-
plying energy harvesting from the the base station. The mathematical expression
for analysis of outage probability for different users is derived, while also discussing
linear model for perfect SIC at the receiver. Using fixed power allocation process,
they simulate different output parameters such as Bit Error Rate (BER), NOMA
capability, and the outage probability. The study in [31], investigates the outage
performance of a multihop energy harvesting cognitive relay network, in which
the secondary nodes are powered by the dedicated power beacons based on the
time splitting strategy. The authors derive an analytical expression for the outage
probability experienced by the secondary user taking into account the effect of
interference from the primary source. The developed outage probability model is
then used to assess the impact of some key parameters on the reliability of the
secondary user’s link in the considered system model.

2.2.1.2 Resource Allocation (RA) and Optimization

RA is one of the critical factors that need a serious consideration to achieve op-
timal performance for CR-NOMA systems. Multiple research works have studied
the issue of resource allocation in CR-NOMA wireless networks.

Studies in [63–67], researchers propose different efficient power allocation tech-
niques or strategies for CR-NOMA networks. Authors in [63] propose a dynamic
up-link power allocation scheme for CR-NOMA networks using deep reinforcement
learning algorithm. In their case, Deep Q learning is used to maximize the long-
term throughput of the system. The study in [64] proposes a novel heuristic Power
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Allocation (PA) method called k-scaled PA. The authors further establish the re-
lation between the power coefficients in order to mitigate the probability of symbol
errors at the users due to multiplexing using NOMA at the transmitter. Authors
in [65], explore resource allocation technique for a hybrid Orthogonal Frequency
Division Multiple Access (OFDMA) CR-NOMA system to further elaborate on
the capabilities of the system. The authors develop a power minimization resource
allocation, in which the aim is to serve the CR users with minimum possible total
transmission power, while achieving a set of relevant NOMA and CR constraints.

Authors in [66] propose a power allocation strategy based on an actor-critic
reinforcement learning, where a cluster of cognitive users can access simultane-
ously the same primary spectrum of the primary users using NOMA. In [67], the
authors propose a robust RA algorithm which takes into account imperfect CSI.
This algorithm is designed to maximize the sum energy efficiency of secondary
users under channel uncertainties. To cater for efficient spectrum usage as one
of the principal design principles to consider in wireless communication networks,
authors in [68] developed a mathematical model of teletraffic for resource alloca-
tion using Power Domain NOMA (PD-NOMA) in a CR environment, specifically
in the interweave spectrum sharing scheme. Their mathematical results are vali-
dated through simulations considering three different scenarios. In these scenarios,
a comparison between PD-NOMA and OMA schemes is presented considering the
blocking probability and the average number of users. Their proposed mathemat-
ical model shows convergence to the performed simulations.

In attempt to achieve optimal performance of CR-NOMA networks, a number
of research works such as in [11–14] have formulated optimization problems that
aim to improve the overall performance of CR-NOMA systems. The study in [11]
proposes a game theory-based joint energy-efficient optimization of resources in CR
networks consisting of secondary networks and primary networks through Hybrid
Non-Orthogonal Multiple Access (HNOMA). HNOMA provides freedom for users
clustering to utilise either NOMA or OMA. The proposed clustering (priority and
non-priority) and power allocation schemes are jointly optimized to enhance the
system sum rate. The existence, stability, and uniqueness criteria for the proposed
schemes are derived and proved. The study in [12], proposes a joint power allo-
cation and secondary user assignment problem for NOMA downlink transmission
in an underlay CR network, in which the worst-case achievable rate for NOMA
secondary users is maximized.

In [13], study the energy minimization problem for NOMA computation offload-
ing in CR networks, the solution is obtained by deploying the block coordination
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descent method and successive convex approximation. The authors in [14], first
analyse the achievable rate regions on three different assumptions for the SIC,
these assumptions being: 1) the primary network performs the SIC, 2) the sec-
ondary network performs the SIC, and 3) either of the two networks adaptively
performs the SIC depending on channel conditions. The authors then, optimize
the power allocation to different layers of the superimposed signal by maximiz-
ing the achievable rate for the secondary network under QoS constraints of the
primary network.

2.2.2 Queuing Analysis of Coupled Data-Energy Queues

Queuing analysis of coupled data-energy queues has been applied in different
energy-harvesting network system designs to analyse the performance of these
networks.

The studies in [15–18] perform performance analysis and/or optimization of
CR networks with energy harvesting deploying queuing analysis. Authors in [15],
present a cross-layer perspective on data transmission in energy harvesting CR
networks in which the physical layer power allocation and network layer delay are
jointly considered. Then stochastic stackelberg game approach is used to study
the optimal power allocation for cases where; there is intermittent energy harvest-
ing, data generation is random and finally, where there is uncertainty in the grid
power price. The research study in [16] investigates the maximum throughput for
a rechargeable SU sharing spectrum with the PU plugged to a reliable power sup-
ply. In their proposed system model, the secondary user maintains a finite energy
queue and harvests energy from natural resources and primary RF transmissions.
The authors then propose a power allocation policy at the PU and analyse its effect
on the throughput of both the PU and SU. The study also considers the impact of
busty arrivals at the PU on the energy harvested by the SU from RF transmissions
and the impact of the rate of energy harvesting from natural resources on the SU
throughput.

Authors in [17] consider a network where the secondary user can perform chan-
nel access to transmit a packet or to harvest RF energy when the selected channel
is idle or occupied by the primary user, respectively. The authors then present
an optimization formulation to obtain the channel access policy for the secondary
user to maximize the user’s throughput. In [18], a multi-hop cellular D2D com-
munication system with EH in underlay CR networks is constructed. The authors
consider the locations of primary user equipment (PUEs) and cellular base stations
as a Poisson point process and assume that the transmit power of the secondary
devices is collected from the power beacon with time-switching EH policy. Fur-
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ther, the authors propose two optimal charging policies, one for identical charging
channels and the other for varying charging channels and then analyse the end-to-
end outage probability for the proposed system using Monte Carlo simulations.

The authors in [19–21] consider simple network designs with one user device
with energy harvesting capability and one base station. In [19], the authors anal-
yse the stationery distribution of packets for an Energy Packet Network (EPN)
model with multiclass data packets and the energy queues are multiserver queueus.
Moreover, it is assumed that when a data packet arrives to a data queue, it routes
a job of a given class according to one of the following disciplines: FCFS, preemp-
tive Last Come First Served (LCFS), and Processor Sharing (PS). The authors
then show that all the disciplines admit a product form solution for a given value
of the probability at which an energy packet is sent to the data queue in case of
jump-over blocking. For queueing networks whose routing matrix is a directed
tree, the authors show that there exists a stochastic ordering to the probability
at which an energy packet is sent to each data queue in case of jump-over block-
ing. Authors in [20], provide a mathematical framework to tackle the resource
allocations problems for energy harvesting systems with delay QoS constraints to
optimize the resources. Authors in [21], consider a two-queue model for optimising
the value of information (VoI) in energy-harvesting sensor networks, with the focus
on optimal transmission policy, the authors formulate the optimal control prob-
lem as a Markov Decision Process (MDP) with a level-dependent block-triangular
transition probability matrix. They then, find the optimal policy which maximizes
the mean VoI transmitted from the node in the long run and numerically show
that it is of threshold type.

2.3 Summary

This chapter covered literature review of the background concepts considered in
this research work. The concepts covered include; CR, NOMA, EH, and queueing
theory. Apart from the background concepts, the chapter also reviews the relevant
work that has already been done in literature and is of similar nature to the one
done in this dissertation. The works presented have modelled and analysed the
performance of different systems that incorporate a combination of the mentioned
background concepts or technologies. System models covered include; CR-NOMA
systems, CR-NOMA systems with EH, and queueing systems EH. Though a num-
ber of these system models have been studied in literature, to the best knowledge of
the author, no work has been done around performance analysis of EH CR-NOMA
aided IoT system, which caters for the stochastic nature of energy harvesting and
the residual energy from one transmission frame to the next.
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Chapter 3

Energy-Harvesting Cognitive
Radio NOMA IoT Network

3.1 Introduction

This chapter presents the considered EH CR-NOMA IoT system in Fig. 3.1. The
assumed frame structure for the considered system model is shown in Fig. 3.2.
For ease of analysis, a simplified system model is presented in Fig. 3.3 with two
CR-NOMA users and one primary network user. To cater for the stochastic na-
ture of energy harvesting process and its evolution from one transmission frame
to the next, energy levels are discretized in steps of ∆p. Then, queuing theory is
deployed to statistically represent each CR-NOMA Secondary User (SU) energy
state from one transmission frame to the next. Each SU uplink transmit power
P s
n is chosen as the minimum between the evolved battery energy power and the

primary network interference constraint.

Studies in literature that performed outage probability analysis are presented
in Chapter 2, these include works in [5, 7, 9, 10]. The difference in outage analy-
sis done in these studies as opposed to the one done in this dissertation is that;
their system models do not include EH. The other related works include studies
in [29–31], these studies considered system models with CR, NOMA, and EH as it
is done in this dissertation. The primary difference aside from the studies focus on
downlink analysis is that, the authors did not account for the resultant residual en-
ergy from one transmission frame to the next. This assumption does not consider
the possible availability of residual energy from the previous transmission frame.
In their case, the residual would occur when the harvested energy in the previous
frame was not used up because of the interference constraint set to protect the
primary network QoS.
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In this dissertation, queueing theory and Markovian analysis concepts are used
to cater for the residual energy from one transmission frame to the next. Marko-
vian state transitions for each SU are on the basis of harvested energy, consumed
energy for transmission power, and the residual energy left from previous frame.
This is presented later in this chapter using battery energy evolution equation.
Harvested energy is modelled in two ways: where the SU harvests from SBS and
when energy harvesting is from both the SBS and MBS. To mathematically repre-
sent both scenarios, cumulative distribution function (CDF) expressions for energy
harvesting of either case are computed to be able to accurately derive relevant state
transition probability expressions. Once the state transition probabilities are de-
rived, closed-form expressions for the probability of being in a particular energy
level/state at each frame is computed to complete Markovian analysis of each SU.

Figure 3.1: CR-NOMA IoT System

Key for Figure 3.1:

1. PUs: primary network users.

2. SUs: secondary network users.
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3. Small Base-station (SBS) for the secondary network.

4. Macro Base-station (MBS) for the primary network.

Figure 3.2: CR-NOMA IoT Frame Structure

Key for Figure 3.2:

1. TF is the frame duration and tts is the time-slot within the frame duration.
Assuming the use of Time Division Multiple Access technique, there are
multiple time-slots tts within the frame duration.

2. g represents the index of the NOMA groups and can take values: {1, 2, . . . ,
U}, where U is the number of time-slots allocated to PUs in the primary
network.

3.2 System Description

This research work considers a system model where an EH CR-NOMA enabled
IoT network is studied. The considered system model is built of a primary network
and a CR secondary network. The primary network is built of PUs and MBS. In
the secondary network, there exists one SBS with cognitive radio capabilities and
SUs. Fig. 3.1 represents the system model considered. The PUs are using the
same frequency channel which is divided into different time-slots (i.e., Time Di-
vision Multiple Access, TDMA) of length tts, where tts is an element of {1,...,U}.
PUs are allocated one time-slot tts which they share with a single NOMA group
of SUs to perform cellular operations as shown in Fig. 3.2. SUs are assumed to
be equipped with an antenna with energy harvesting capabilities. Further, the
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Table 3.1: Table of Symbols

Symbol Description
λHp

1
uplink channel gain rate between SU1 and MBS.

λHp
2

uplink channel gain rate between SU2 and MBS.

Hp
1 uplink power channel gain between SU1 and MBS.

Hp
2 uplink power channel gain between SU2 and MBS.

λGs uplink channel gain rate between PU and SBS.
Gs uplink channel gain between PU and SBS.

λGSU1 downlink channel gain rate between SBS and SU1 for energy harvesting.
λGSU2 downlink channel gain rate between SBS and SU2 for energy harvesting.
GSU1 downlink power channel gain between SBS and SU1 for energy harvesting.
GSU2 downlink power channel gain between SBS and SU2 for energy harvesting.
λ
G

SU1
m

downlink channel gain rate between MBS and SU1 for energy harvesting.

λ
G

SU2
m

downlink channel gain rate between MBS and SU2 for energy harvesting.

GSU1
m downlink power channel gain between MBS and SU1 for energy harvesting.

GSU2
m downlink power channel gain between MBS and SU2 for energy harvesting.

λHs
1

uplink channel gain rate between SU1 and SBS.
λHs

2
uplink channel gain rate between SU2 and SBS.

Hs
1 uplink power channel gain between SU1 and SBS.

Hs
2 uplink power channel gain between SU2 and SBS.

P s
n uplink transmit power from SUn to SBS, where n=1,2.

P p uplink transmit power from PU detected at the SBS reciever.
P e downlink transmit power from SBS to SUs for energy harvesting.
Pm downlink transmit power from MBS to SUs for energy harvesting.
η energy harvesting efficiency
σ2 Additive White Gaussian Noise (AWGN) variance.
Ω2 residual noise variance from SIC process.
∆p battery power descritisation steps.
Tf frame duration.
tts transmission time-slot duration.

(Tf − tts) energy harvesting duration.
W channel bandwidth.
t frame index.

same SUs are grouped in pairs of two to facilitate NOMA grouping. It is further
assumed that the SUs are harvesting energy from SBS and MBS downlink radio
frequency transmissions, where the downlink transmissions are considered to be
on a separate downlink frequency from the uplink.
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Figure 3.3: Energy Harvesting CR-NOMA IoT Network

For ease of analysis, we assume two SUs are connected to the SBS forming
a single CR-NOMA group and one PU connected to the MBS as shown in Fig.
3.3. We also assume that the PU is performing its basic cellular operations and
to improve spectrum utilization, SUs re-use the same uplink frequency time-slot
allocated to the PU in the primary network. The PU is assumed to have two RF
chains, one used for transmission on the allocated time-slot on the uplink frequency
and the other used for reception on the allocated slot on the downlink frequency.
To enhance spectrum efficiency, the two SUs use NOMA [38] to be able to simul-
taneously re-use the PU allocated time-slot to perform their uplink transmissions.
It is further assumed that the SUs also have two RF chains, one operating on
the uplink frequency for transmission in the allocated reused time-slot. The other
RF chain operates in the downlink frequency, where it receives data on the allo-
cated time-slot within the downlink frame, and switches to energy harvesting on
the remainder of the frame duration. Moreover, we assume quasi-static network
scenario, where the state of the PU and SUs remain unchanged for the duration
of the time-slot.

In uplink CR-NOMA scenario, the two SUs transmit their signals towards the
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SBS in the orthogonal block (using the same frequency and at the same time).
Each SU transmits its individual signal xn where n = 1 for SU1 and n = 2 for
SU2. This is done with a transmit power of P s

n, such that the received signal at
the SBS in the tth frame can be defined as shown in Equation (3.1) below. The
detected PU transmit power at the SBS is represented as P p and its signal symbol
as xp:

y(t) =
2∑

n=1

√
P s
n(t)H

s
n(t)xn +

√
P p(t)Gs(t)xp + w(t), (3.1)

where w(t) is AWGN with variance of σ2.

In CR-NOMA, SUs are operated in power-controlled mode and PUs in full
power allocated mode. The SBS receiver must have SIC capability to be able to
decode received signals from multiple users by first ordering the received signals
in descending order on the basis of their relative signal strength, then apply suc-
cessive interference cancellation to extract and decode the symbols.

In order to guarantee the QoS requirements for the primary network, the in-
stantaneous transmit power of the SUs must be kept below MBS receiver maximum
tolerable interference constraint I totit . Note that total interference as seen by MBS
is the total interference from both SUs. Thus, to guarantee QoS of the primary
network, transmit power of SUs is constrained as follows:

2∑
n=1

P s
n(t) ∗Hp

n(t) ⩽ I totit . (3.2)

For simplicity, an assumption is made that the interference from each SU should
be constrained by half the total interference component above. Thus decoupling
the interference from the SUs, the transmit power of SUs is constrained as follows,

where Iit =
Itotit

2
:

P s
n(t) ∗Hp

n(t) ⩽ Iit. (3.3)

Accordingly, P s
n is selected as follows:

P s
n(t) = min

(
Bn(t),

Iit
Hp

n(t)

)
, (3.4)

where:

• Bn(t) is the available battery power of the nth secondary user in the NOMA
group during the tth frame index.
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Battery energy evolution for each SU is represented as follows, in which tth

indexing is at the beginning of the frame.

bn(t) = min{max{bn(t− 1) + eHn (t− 1)− P s
n(t− 1)× tts, 0}, Bmax}, (3.5)

where eHn (t − 1) is the energy harvested by SUn in frame index (t − 1) and the

battery power Bn(t) depicted in Equation (3.4) is computed as Bn(t) = bn(t)
tts

.
bn(t− 1) represents the available battery energy at the beginning of (t− 1) frame,
and P (t− 1) is transmit power used during (t− 1) frame index.

The instantaneous transmission rate Rn for SUn at frame t is expressed as
follows, using Shannon channel capacity theorem [38,39]:

Rn(t) = Wlog2 (1 + δIn(t)) , (3.6)

where W is the channel bandwidth and δIn represents instantaneous Signal to In-
terference and Noise Ratio (SINR) for each CR-NOMA user SUn.

The generalized expression for instantaneous SINR at the SBS is derived as
follows for each user SUn in the NOMA group. Note that since SU2 symbol is
received with larger power, SBS decodes x2 first by treating x1 and xp in Equation
(3.1) as interference. Then, decodes SU1 symbol x1 using SIC technique. The
received decoded signals for each SU at the SBS is represented as follows, similar
to [69]:

Decoded signal for SU1:

y1(t) =
√
P s
1 (t)H

s
1(t)x1+(x2− x̄2)

√
P s
2 (t)H

s
2(t)x2+

√
P p(t)Gs(t)xp+w(t), (3.7)

where:

• x̄2 is the decoded x2, in which there is imperfect SIC when x̄2 ̸= x2 and
perfect SIC when x̄2 = x2.

Decoded signal for SU2:

y2(t) =
√

P s
2 (t)H

s
2(t)x2 +

√
P s
1 (t)H

s
1(t)x1 +

√
P p(t)Gs(t)xp + w(t). (3.8)

Using Equations (3.7) and (3.8), instantaneous SINR expressions for each SU
are defined as follows:

δIn(t) =


P s
1 (t)H

s
1(t)

E(|x2−x̄2|2)P s
2 (t)H

s
2(t)+P p(t)Gs(t)+σ2 , n = 1

P s
2 (t)H

s
2(t)

P s
1 (t)H

s
1(t)+P p(t)Gs(t)+σ2 , n = 2

(3.9)
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Modelling E(|x2−x̄2|2)P s
2 (t)H

s
2(t) as a Gaussian random variable with variance

of Ω2 as in [70–72], where E(·) denotes the expected value. Equation (3.9) can be
reduced to the below expression:

δIn(t) =


P s
1 (t)H

s
1(t)

P p(t)Gs(t)+Ω2+σ2 , n = 1

P s
2 (t)H

s
2(t)

P s
1 (t)H

s
1(t)+P p(t)Gs(t)+σ2 , n = 2

(3.10)

The aim of this work is to accurately determine closed-form expressions for each
SU outage probability and mean capacity (which can be computed from Equation
(3.6) above). Outage probability is defined as the probability that the instanta-
neous SINR is less than some set system threshold/target SINR δn. Analytically
this can be expressed as follows using Equation (3.10) for each SU:

P n
out(t) =


P s
1 (t)H

s
1(t)

P p(t)Gs(t)+Ω2+σ2 < δ1, n = 1

P s
2 (t)H

s
2(t)

P s
1 (t)H

s
1(t)+P p(t)Gs(t)+σ2 < δ2, n = 2

(3.11)

To be able to mathematically model the considered system outage probability
and mean capacity, we need to derive closed-form expressions for both outage
probability and mean capacity. For mean capacity analysis, it is assumed that
SUs always have data to transmit.

3.2.1 Computing SU1 Outage Probability and Mean Ca-
pacity:

We start with showing the complexity of deducing closed-form analytical expres-
sion for outage probability and mean capacity. Then, we present how Markovain
analysis approach adopted in this dissertation allows us to derive exact solutions
for both performance metrics.

a) Outage Probability:
Using Equation (3.11), outage probability for SU1 is directly computed as follows:
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P 1
out(t) = Pr

(
P s
1 (t)H

s
1(t)

P p(t)Gs(t) + Ω2 + σ2
< δ1

)
,

= 1− Pr

(
P s
1 (t) ≥

δ1 (P
p(t)Gs(t) + Ω2 + σ2)

Hs
1(t)

)
,

= 1−
∫ ∞

0

∫ ∞

0

(
1− FP s

1 (t)

(
δ1 (P

p(t)y + Ω2 + σ2)

x

))
× fGs(t)(y)fHs

1(t)
(x) dydx,

(3.12)

where fGs(t)(y) and fHs
1(t)

(x) are the Probability Density Functions (PDFs) of the
exponential random variables Gs(t) and Hs

1(t), respectively. FP s
1 (t)

(·) is the Cumu-
latively Distribution Function (CDF) for the random variable P s

1 (t).

The complication that arises when trying solve Equation (3.12) is that P s
1 (t)

is selected as P s
1 (t) = min

(
b1(t)
tts

, Iit
Hp

1

)
in Equation (3.4). This brings a situation

in which P s
1 (t) becomes a correlated random variable, where there is dependency

between P s
1 (t) and P s

1 (t − 1). Equation (3.13) below presents the dependency
stated:

P s
1 (t) = min

(
b1(t)

tts
,
Iit
Hp

1

)
,

= min

(
b1(t− 1) + eEH

1 (t− 1)− P s
1 (t− 1)× tts

tts
,
Iit
Hp

1

)
.

(3.13)

The above expression in Equation (3.13) confirming the dependency of P s
1 (t)

on P s
1 (t−1) is obtained using battery energy evolution Equation (3.5) as the basis.

The dependency of P s
1 (t) on P s

1 (t − 1) observed in Equation (3.13) above, makes
it very difficult to find the CDF of P s

1 (t) (FP s
1 (t)

(x)) which is required to solve the
expression P 1

out(t) for outage probability.

Assuming one is able to find the complex CDF expression for P s
1 (t), that ex-

pression would need to be multiplied by the PDFs of the exponential random
variables Gs and Hs

1 . Then, integrate the resulting product expression twice as
shown in Equation (3.12). Overall it would be very complicated to find the exact
analytical expression for P 1

out(t) following this direct route.
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b) Mean Capacity:

Using Equation (3.6), mean capacity for SU1 is directly computed as follows
using similar approach as in [73]:

C1(t) =W × log2 (1 + δI1(t)) ,

=W

∫ ∞

0

log2 (1 + y) fδI1 (t)(y) dy,

=
W

loge(2)

∫ ∞

0

1− FδI1 (t)
(y)

1 + y
dy.

(3.14)

Deducing the expression for mean capacity requires finding CDF of SINR
FδI1 (t)

(y). SINR expression for SU1 contains the random variable P s
1 (t) as shown

in Equation (3.10). Finding the CDF of SINR (FδI1 (t)
(y)) requires computing the

CDF for P s
1 (t) as shown below:

FδI1 (t)
(y) = Pr

(
P s
1 (t)H

s
1(t)

P p(t)Gs(t) + Ω2 + σ2
⩽ y

)
,

= 1− Pr

(
P s
1 (t)H

s
1(t)

P p(t)Gs(t) + Ω2 + σ2
> y

)
,

= 1− Pr

(
P s
1 (t) > y

(
P p(t)Gs(t) + Ω2 + σ2

Hs
1(t)

))
,

= 1−
∫ ∞

0

∫ ∞

0

(
1− FP s

1 (t)

(
y

(
P p(t)x+ Ω2 + σ2

z

)))
× fGs(t)(x)fHs

1(t)
(z) dxdz,

(3.15)

where fGs(t)(x) and fHs
1(t)

(z) are the PDFs of the exponential random variables
Gs(t) and Hs

1(t), respectively. FP s
1 (t)

(·) is the CDF for the random variable P s
1 (t),

similar to Equation (3.12).

As shown in Equation (3.15), finding the CDF of FδI1 (t)
(y) requires computing

the CDF of P s
1 (t). Equation (3.13) has already shown the complex probability

expression that one would need to solve in order to find the CDF of P s
1 (t). Find-

ing FδI1 (t)
(y) is further complicated by the double integrals that would need to be

applied on the product of the CDF of P s
1 (t) and PDFs of the exponential ran-

dom variables Gs(t) and Hs
1(t). This highlights how complicated it would be to

deduce FδI1 (t)
(y). Assuming FδI1 (t)

(y) is deduced, to finally compute closed-form
expression for mean capacity, there is still a requirement to integrate one minus the
complex FδI1 (t)

(y) expression divided by (1+y) as shown in Equation (3.14) above.
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3.2.2 Computing SU2 Outage Probability and Mean Ca-
pacity:

Similar to SU1 case, we first show the complexity of directly deducing closed-form
analytical expression for outage probability and mean capacity for SU2.

a) Outage Probability:
SU2 outage probability is deduced as follows:

P 2
out(t) = Pr

(
P s
2 (t)H

s
2(t)

P s
1 (t)H

s
1(t) + P p(t)Gs(t) + σ2

< δ2

)
,

= 1− Pr
(
P s
2 (t)H

s
2(t)− δ2 (P

s
1 (t)H

s
1(t) + P p(t)Gs(t)) ≥ δ2σ

2
)
,

= 1− Pr

(
P s
2 (t) ≥ δ2

(
P s
1 (t)H

s
1(t) + P p(t)Gs(t) + σ2

Hs
2(t)

))
,

= 1− Pr

(
P s
2 (t) ≥ δ2

(
P s
1 (t)H

s
1(t) + P p(t)Gs(t) + σ2

Hs
2(t)

))
,

= 1−
∫ Iit

H
p
1

0

[∫ ∞

0

∫ ∞

0

∫ ∞

0

(
1− FP s

2 (t)

(
δ2

(
xy + P p(t)z + σ2

w

)))

× fHs
1(t)

(y)fGs(t)(z)fHs
2(t)

(w) dydzdw

]
fP s

1 (t)
(x) dx,

(3.16)

where fP s
1 (t)

(x), fHs
1(t)

(y), fGs(t)(z) and fHs
2(t)

(w) are the PDFs of the random
variables P s

1 (t), Hs
1(t), Gs(t) and Hs

2(t), respectively. FP s
2 (t)

(·) is the CDF for
the random variable P s

2 (t). Note that the random variable P s
1 (t) can take range of

values
[
0, Iit

Hp
1

]
on the basis of Equation (3.4), hence x integration limits are

[
0, Iit

Hp
1

]
.

To find the closed-form expression for P 2
out(t), it is required that the CDF of

P s
2 (t) and the PDFs of P s

1 (t), H
s
1(t), G

s(t), and Hs
2(t) are derived as shown in

Equation (3.16). Using the same argument as in SU1 outage probability, directly
finding the CDF expression for P s

2 (t) is very complicated. The complication is
brought by the dependency of P s

2 (t) on P s
2 (t− 1), this is the similar case for SU1

as articulated in the previous section for P s
1 (t). Deducing SU2 outage probability is

further complicated by the fact that we would still need to find the PDF for P s
1 (t),

which similar to its CDF is very complicated to derive. SU2 outage probability is
overly complicated by the need to solve for the four specified integrals in Equation
(3.16).
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b) Mean Capacity:

Using Equation (3.6), mean capacity expression for SU2 is computed directly
as follows, using similar approach as in [73]:

C2(t) =W × log2 (1 + δI2(t)) ,

=W

∫ ∞

0

log2 (1 + y) fδI2 (t)(y) dy,

=
W

loge(2)

∫ ∞

0

1− FδI2 (t)
(y)

1 + y
dy.

(3.17)

To find an exact solution for SU2 mean capacity as shown in Equation (3.17)
requires finding the CDF expression for SINR of SU2. CDF of SINR for SU2 is
derived as follows:

FδI2 (t)
(y) = Pr

(
P s
2 (t)H

s
2(t)

P s
1 (t)H

s
1(t) + P p(t)Gs(t) + σ2

⩽ y

)
,

= 1− Pr

(
P s
2 (t) > y

(
P s
1 (t)H

s
1(t) + P p(t)Gs(t) + σ2

Hs
2(t)

))
,

= 1−
∫ Iit

H
p
1

0

[∫ ∞

0

∫ ∞

0

∫ ∞

0

(
1− FP s

2 (t)

(
y

(
xv + P p(t)z + σ2

w

)))

× fHs
1(t)

(v)fGs(t)(z)fHs
2(t)

(w) dvdzdw

]
fP s

1 (t)
(x) dx,

(3.18)

where fP s
1 (t)

(x), fHs
1(t)

(v), fGs(t)(z) and fHs
2(t)

(w) are the PDFs of the random
variables P s

1 (t), Hs
1(t), Gs(t) and Hs

2(t), respectively. FP s
2 (t)

(·) is the CDF for
the random variable P s

2 (t). Note that the random variable P s
1 (t) can take range of

values
[
0, Iit

Hp
1

]
on the basis of Equation (3.4), hence x integration limits are

[
0, Iit

Hp
1

]
.

Finding the CDF for SINR of SU2, FδI2 (t)
(y), requires us to find the CDF

of P s
2 (t) as well as the PDF of P s

1 (t) as shown in Equation (3.18). Due to the
dependency of P s

1 (t) and P s
2 (t) on P s

1 (t− 1) and P s
2 (t− 1), respectively, it is very

difficult to derive the distributions for P s
1 (t) and P s

2 (t) as it has already been
explained in the previous paragraphs in this chapter. Deriving exact solution for
FδI2 (t)

(y) is further complicated by the need to solve for the four integrals shown
in Equation (3.18). To find the final closed-form expression for mean capacity, it
required that the integral of one minus FδI2 (t)

(y) divided by (1 + y) is computed,
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this final integral further complicates finding the exact solution for SU2 mean
capacity.

3.2.3 Assumptions Made in Literature

Multiple similar works in literature have made some assumptions to simplify their
derivations of outage probability closed-form expressions. Authors in [5, 7, 9, 10],
considered system models with CR and NOMA without the consideration of EH.
In their analysis power selection was defined as: Pt = min

(
Iit
H
, Pmax

)
, where H is

the channel power gain and Pmax is the maximum possible transmit power that
can be attained by the transmitter. Different to our case, Pmax is a constant.
Substituting Pmax for P s

1 and P s
2 in our SINR expressions for SUs result in the fol-

lowing simpler expressions to deal with for both SU1 and SU2 outage probabilities:

For SU1:

P 1
out(t) = Pr

(
Pmax(t)H

s
1(t)

P p(t)Gs(t) + Ω2 + σ2
< δ1

)
,

= 1− Pr

(
Hs

1(t) >
δ1 (P

p(t)Gs(t) + Ω2 + σ2)

Pmax(t)

)
,

= 1−
∫ ∞

0

(
1− FHs

1(t)

(
δ1 (P

p(t)y + Ω2 + σ2)

Pmax(t)

))
fGs(t)(y) dy.

(3.19)

For SU2:

P 2
out(t) = Pr

(
Pmax(t)H

s
2(t)

Pmax(t)Hs
1(t) + P p(t)Gs(t) + σ2

< δ2

)
,

= 1− Pr
(
Pmax(t)H

s
2(t)− δ2 (Pmax(t)H

s
1(t) + P p(t)Gs(t)) > δ2σ

2
)
,

= 1− Pr

(
Hs

2(t) > δ2

(
Pmax(t)H

s
1(t) + P p(t)Gs(t) + σ2

Pmax(t)

))
,

= 1−
∫ ∞

0

∫ ∞

0

(
1− FHs

2(t)

(
δ2

(
Pmax(t)y + P p(t)x+ σ2

Pmax(t)

)))
× fHs

1(t)
(y)fGs(t)(x) dydx.

(3.20)

As shown in Equations (3.19) and (3.20), excluding EH in our system model
would have greatly reduced the complexity of our expressions. This is attained
by eliminating the requirement to find complex CDFs of recursively dependent
random variables P s

1 and P s
2 , while also reducing the number of integrals we would

be required to deal with. SU1 outage is reduced to only finding distributions for
simple exponential random variables (Hs

1 and Gs) and one integral to solve. Also
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for SU2, the only distributions we would need to find are for simple exponential
random variables (Hs

1 , H
s
2 , and Gs). The integrals to solve would be reduced from

four to two integrals of independent random variables. These studies [5,7,9,10] did
not work on mean capacity analysis, but by the same token, their assumptions and
exclusion of EH would have resulted in less complex mean capacity expressions to
solve for our considered system model.

The studies in [29–31] considered system models similar (with CR, NOMA, and
EH) to the one considered in this dissertation, though their analyses are on the
downlink. Note that, since these studies have considered all the technologies con-
sidered in the system model for this dissertation, outage and mean capacity expres-
sions structure will stay the same as in Equations (3.12), (3.14), (3.16), and (3.17).
The power selection in these studies is determined as follows: Pt = min

(
Iit
H
, PEH

)
,

where in their case PEH is the harvested energy in the current transmission frame,
Iit is the inteference threshold, and H is the channel power gain. Unlike in the pre-
vious discussion where Pmax is a constant, PEH is an exponential random variable.
Different to the work in this dissertation, PEH in these studies is not evolving.
Using PEH for P s

1 (t) and P s
2 (t) in our case would render both random variables

not dependent on P s
1 (t − 1) and P s

2 (t − 1), respectively. Removing recursive de-
pendence for the transmit powers (P s

1 (t) and P s
2 (t)) will reduce the complexity

of finding their distributions. The reduced complexity would be that P s
1 (t) and

P s
2 (t) would now be treated as simple exponential random variables. With P s

1 (t)
and P s

2 (t) reduced to simple exponential random variables, it becomes easy to find
their distributions, thus, reducing overall complexity of solving outage and mean
capacity expressions.

3.2.4 This Dissertation Approach

The approach used in this dissertation is to discretize battery energy bn(t) and
then, find the exact expressions for outage probability and mean capacity at the
discrete bn(t) values. Total outage probability and mean capacity are each found
by averaging across all the discrete levels of bn(t). This is achieved by doing Marko-
vian analysis of the battery evolution across the discrete bn(t) values for each SU.
To do this, each discrete battery level is treated as the SU Markovian state for our
analysis. With this approach, the final expressions for outage and mean capacity
are as follows:
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SU1 Outage Probability and Mean Capacity:

P 1,total
out (t) =

Bmax

∆p∑
i=0

P 1
out(i)Π(j), (3.21)

C1(t) =

Bmax
∆p∑
i=0

C1(i)× Π(j). (3.22)

SU2 Outage Probability and Mean Capacity:

P 2,total
out (t) =

Bmax

∆p∑
i=0

Bmax

∆p∑
j=0

P 2
out(i, j)Π(k, l),

(3.23)

C2(t) =

Bmax
∆p∑
i=0

Bmax
∆p∑
j=0

C2(i, j)× Π(k, l). (3.24)

For SU1, Equations (3.21) and (3.22) have a variable Π(j) in their expressions.
Π(j) is the probability of SU1 being in battery state (j). Thus, to find the closed-
form expression for SU1 outage and mean capacity we need to solve for Π(j).
Similarly for SU2, the expressions for outage and mean capacity contain Π(k, l) as
shown in Equations (3.23) and (3.24). Since our considered system uses NOMA,
outage and mean capacity expressions for SU2 depends on both SUs transmit pow-
ers, Π(k, l) is the joint probability that SU1 is in state (k) when SU2 is in state
(l). To solve for both outage and mean capacity for SU2, it is required that Π(k, l)
is determined. Markovain analysis is used to determine analytical expressions for
both Π(j) and Π(k, l).

The following Section 3.3 performs Markovian analysis for both SU1 and SU2

to determine Π(j) and Π(k, l). Chapter 4 of this dissertation focuses on deriving
outage probability for both SUs, using Markovian analysis as the basis. In Chapter
5, closed-form mean capacity expressions for each SU are derived using Markovian
analysis as the basis as well.

3.3 System Markov Analysis

The considered system model Markovian analysis for each SU is built by modelling
the battery storage of each SU as a queue, where the queue levels are represented
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by discretizing the energy within the batteries into multiple energy chunks. Each
energy chunk represents SU system state where we index each SU state by the
number of chunks in its energy queue. The indexing starts from zero energy
chunks to the maximum number of energy chunks that the SU battery capacity
can store.

3.3.1 System Markov Analysis With Respect to SU1

Assuming a time-slotted system, Markovian state of SU1 is defined by

i = {0, 1, 2, ...,
⌈
Bmax

∆p

⌉
}, where i represents available energy chunks of SU1 at

the frame index t. SU1 transitions from one state to another are characterized
as ξ(t) = {0, 1}, depending on whether SU1 transmit power is conditioned on
available battery chunks or interference constraint as shown in Equation (3.4).
Mathematically SU1 state transitions are characterized as follows for each condi-
tion:

ξ(t) = {0, 1},

where:

• ξ(t) = ξ0 = 0 when bn(t)
tts

< Iit
Hp

n(t)
.

• ξ(t) = ξ1 = 1 when bn(t)
tts

≥ Iit
Hp

n(t)
.

The above conditions are on the basis of Equation (3.4) for selecting of the ap-
propriate transmit power to use at each frame index. We assume the two possible
transmit power selections ( bn(t)

tts
and Iit

Hp
n
) are discretized in steps (or chunks) of ∆p,

then the transmit power for SU1 is computed as follows for each condition:

for ξ0 = 0:

P s
n =

bn(t)

tts
=

i

tts
∆p, (3.25)

and for ξ1 = 1:

P s
n = (

Iit
Hp

n
) =

nI1

tts
∆p, (3.26)

where:

• nI1 is the battery power conditioned on tolerable interference constraint Iit
from Equation (3.3).
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Modeling battery energy storage at SU1 as a queuing system, the battery en-
ergy evolution can be presented by the below equation:

b1(t) = min{max{b1(t− 1) + eH1 (t− 1)− P s
1 (t− 1)× tts, 0}, Bmax}. (3.27)

To build the Markovian model of SU1, we need to find the closed-form expres-
sion for the probability of SU1 transitioning from one energy state to another.
The transition from state i (battery energy index) at frame index (t−1) to state j
(battery energy index) at frame index (t) is defined as follows for ξ0 = 0 (where the

transmit power is conditioned using available energy chunks): j = i+
eH1
∆p

− i =
eH1
∆p

,

using energy queue evolution Equation (3.27), in which P s
1 (t−1)×tts = b1(t−1) = i

and b1(t) = j. Thus, the state transition probability for ξ0 = 0 is expressed as
follows:

Qξ0(i, j) = Pr(j =
eH1
∆p

, ξ = 0). (3.28)

To find closed-form expression for Equation (3.28) above, we need the expres-
sion for eH1 . Since eH1 is an exponential random variable, we need to derive its
CDF to be able to obtained a closed-form expression for the transition probability
expression in Equation (3.28). Deriving of eH1 distribution is done in the following
subsections where we derive the CDF expressions when SU1 is harvesting energy
from SBS and also when SU1 is harvesting from both SBS and MBS.

3.3.1.1 SU1 Energy Harvesting from SBS

(i) Case: ξ = 0

The harvested energy by SU1 at the tth frame duration TF is expressed as
follows similar to [74]:

eH1 (t) = ηP e(t)GSU1(t)(TF − tts). (3.29)

From Equation (3.29) above, CDF FeH1
(y) of energy harvested by SU1 is derived

as follows:

FeH1
(y) = Pr(eH1 ⩽ y),

= Pr
(
ηP e(t)GSU1(t)(TF − tts) ⩽ y

)
,

= Pr

(
GSU1(t) ⩽

y

ηP e(t)(TF − tts)

)
,

= FGSU1 (t)

(
y

ηP e(t)(TF − tts)

)
.

(3.30)

32



Since GSU1(t) is an exponentially distributed random variable (RV), FeH1
(y) is

also an exponentially distributed function and can be expressed as follows:

FeH1
(y) = 1− e

−
(

y
ηPe(t)(TF−tts)

)
λ
GSU1 . (3.31)

Thus, using Equations (3.28) and (3.31) we have:

Qξ0(i, j) = Pr(j∆p = eH1 , ξ = 0),

= Pr
(
eH1 = j∆p

)
Pr (i < nI1) ,

=

((
1− e

−
(

(j+1)∆p
ηPe(t)(TF−tts)

)
λ
GSU1

)
−
(
1− e

−
(

j∆p
ηPe(t)(TF−tts)

)
λ
GSU1

))

×

1− e
−
(

λ
H

p
1
Iittts

i∆p

) ,

=

(
e
−
(

j∆pλ
GSU1

ηPe(t)(TF−tts)

)
− e

−
(

(j+1)∆pλ
GSU1

ηPe(t)(TF−tts)

))
×

1− e
−
(

λ
H

p
1
Iittts

i∆p

) .

(3.32)

(ii) Case: ξ = 1

Similarly, for ξ = 1 (when the SU transmit power is conditioned on interference

threshold Iit): j = i +
eH1
∆p

− nI1 => j − i =
eH1
∆p

− nI1 using energy evolution in

Equation (3.27), where in this case: P s
1 (t − 1) × tts = nI1 , b1(t − 1) = i and

b1(t) = j. Hence, the state transition probability from i to j for this case is
expressed as follows:

Qξ1(i, j) = Pr(j − i =
eH1
∆p

− nI1 , ξ = 1), (3.33)

using Equation (3.33) above, the expression for Qξ1(i, j) is derived as follows:
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Qξ1(i, j) = Pr(j − i =
eH1
∆p

− nI1 , ξ = 1),

= Pr

(
j − i =

eH1
∆p

− nI1 , i ≥ nI1

)
,

= Pr
(
eH1 = (j − i+ nI1)∆p, i ≥ nI1

)
,

=
i∑

nI1
=0

Pr
(
eH1 = (j − i+ nI1)∆p

)

×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

) ,

=
i∑

nI1
=0

(
e
−
(

(j−i+nI1
)∆pλ

GSU1
ηPe(t)(TF−tts)

)
− e

−
(

(j−i+nI1
+1)∆pλ

GSU1
ηPe(t)(TF−tts)

))

×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

) .

(3.34)

(iii) Joint Transition:

SU1 transition probability from state i to state j is the summation of the above
derived mutually-exclusive conditional transition probabilities in Equations (3.32)
and (3.34) using probability sum rule. Thus, SU1 transition probability from state
i to state j can be expressed as follows:

Q(i, j) = Qξ0(i, j) +Qξ1(i, j), (3.35)

using Equation (3.35) above and Markovian analysis, we can be able to solve for
the steady state probability that SU1 is in state j as follows:

Π(j) =

Bmax

∆p∑
i=0

Q(i, j) ∗ Π(i), (3.36)

where:
Bmax

∆p∑
j=0

Π(j) = 1. (3.37)

Equation (3.37) applies because the sum of all the probabilities in a probability
distribution should be equal to 1.
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3.3.1.2 SU1 Energy Harvesting from SBS and MBS

Energy harvested by SU1 from SBS and MBS at the tth frame duration TF is
expressed as follows using similar approach as in [74] but now harvesting from
multiple sources:

ēH1 (t) = η(TF − tts)
(
P e(t)GSU1(t) + Pm(t)GSU1

m (t)
)
, (3.38)

from Equation (3.38) above, CDF FēH1
(y) of energy harvested by SU1 from both

SBS and MBS is attained by first letting X1 = η(TF − tts)P
e(t)GSU1(t) and X2 =

η(TF − tts)P
m(t)GSU1

m (t). Then deriving CDF and PDF expressions of X1 and X2

as follows:

FX1(x) = Pr (X1 ⩽ x) ,

= Pr
(
η(TF − tts)P

eGSU1 ⩽ x
)
,

= Pr

(
GSU1 ⩽

x

P eη(TF − tts)

)
,

= FGSU1

(
x

P eη(TF − tts)

)
,

(3.39)

since GSU1 is an exponentially distributed random variable, Equation (3.39) re-
duces to:

FX1(x) = FGSU1

(
x

P eη(TF − tts)

)
,

= 1− e
−λ

GSU1

(
x

Peη(TF−tts)

)
.

(3.40)

PDF of X1 is derived by differentiating CDF expression of X1 in Equation
(3.40) above:

fX1(x) =
d

dx
FX1(x)dx,

=
d

dx

(
1− e

−λ
GSU1

(
x

Peη(TF−tts)

))
dx,

=
λGSU1

P eη(TF − tts)
e
−λ

GSU1

(
x

Peη(TF−tts)

)
.

(3.41)

Similarly, for X2:
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FX2(x) = Pr (X2 ⩽ x) ,

= Pr
(
η(TF − tts)P

mGSU1
m ⩽ x

)
,

= Pr

(
GSU1

m ⩽
x

Pmη(TF − tts)

)
,

= F
G

SU1
m

(
x

Pmη(TF − tts)

)
,

= 1− e
−λ

G
SU1
m

(
x

Pmη(TF−tts)

)
.

(3.42)

PDF of X2 is derived by differentiating CDF expression of X1 in Equation
(3.42) above:

fX2(x) =
d

dx
FX2(x)dx,

=
d

dx

(
1− e

−λ
G
SU1
m

(
x

Pmη(TF−tts)

))
dx,

=
λ
G

SU1
m

Pmη(TF − tts)
e
−λ

G
SU1
m

(
x

Pmη(TF−tts)

)
.

(3.43)

Using the results from Equations (3.41) and (3.43) above, the PDF expression
for ēH1 = X1 +X2, is attained as follows, using convolution approach:

36



fēH1 (y) =

∫ y

0

fX1(x)fX2(y − x)dx,

=

∫ y

0

(
λGSU1

P eη(TF − tts)
e
−λ

GSU1

(
x

Peη(TF−tts)

))
×
(

λ
G

SU1
m

Pmη(TF − tts)
e
−λ

G
SU1
m

(
(y−x)

Pmη(TF−tts)

))
dx,

=

(
λGSU1

P eη(TF − tts)

)(
λ
G

SU1
m

Pmη(TF − tts)

)
e
−
(

λ
G
SU1
m

y

Pmη(TF−tts)

)

×
∫ y

0

e
−x

(
Pmλ

GSU1
−Peλ

G
SU1
m

PePmη(TF−tts)

)
dx,

=

λGSU1λG
SU1
m

e
−
(

yλ
G
SU1
m

Pmη(TF−tts)

)
− e

−
(

yλ
GSU1

Peη(TF−tts)

)
η(TF − tts)

(
PmλGSU1 − P eλ

G
SU1
m

) .

(3.44)

Thus, the CDF of energy harvesting from both SBS and MBS is derived as
follows by finding the integral of Equation (3.44) above:

FēH1
(z) =

∫ z

0

fēH1 (y)dy,

=
λGSU1λG

SU1
m

η(TF − tts)
(
PmλGSU1 − P eλ

G
SU1
m

)
×
∫ z

0

e
−
(

yλ
G
SU1
m

Pmη(TF−tts)

)
− e

−
(

yλ
GSU1

Peη(TF−tts)

) dy,

=
PmλGSU1

PmλGSU1 − P eλ
G

SU1
m

1− e
−
(

zλ
G
SU1
m

Pmη(TF−tts)

)
−

P eλ
G

SU1
m

PmλGSU1 − P eλ
G

SU1
m

(
1− e

−
(

zλ
GSU1

Peη(TF−tts)

))
,

= 1− PmλGSU1e
−
(

zλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

zλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

.

(3.45)
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(i) Case: ξ = 0

Using Equations (3.28) and (3.45), SU1 state transition probability expressions

are attained as follows for ξ = 0 where j = i+
ēH1
∆p

− i => j =
ēH1
∆p

Q̄ξ0(i, j) = Pr(j∆p = ēH1 , ξ = 0),

= Pr
(
ēH1 = j∆p

)
Pr (i < nI1) ,

=

(1− PmλGSU1e
−
(

(j+1)∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

(j+1)∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m



−

1− PmλGSU1e
−
(

j∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

j∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m


)

×

1− e
−
(

λ
H

p
1
Iittts

i∆p

) ,

=

P eλ
G

SU1
m

e
−
(

(j+1)∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
PmλGSU1e

−
(

j∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m



−

PmλGSU1e
−
(

(j+1)∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

j∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m


×

1− e
−
(

λ
H

p
1
Iittts

i∆p

) .

(3.46)

(ii) Case: ξ = 1

Similarly, for ξ = 1: j = i+
ēH1
∆p

−nI1 => j− i =
ēH1
∆p

−nI1 . The state transition

probability for this case is expressed as follows:
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Q̄ξ1(i, j) = Pr(j − i =
ēH1
∆p

− nI1 , ξ = 1), (3.47)

using Equation (3.47) above, the expression for Q̄ξ1(i, j) is derived as follows:

Q̄ξ1(i, j) = Pr(j − i =
ēH1
∆p

− nI1 , ξ = 1),

= Pr

(
j − i =

ēH1
∆p

− nI1 , i ≥ nI1

)
,

= Pr
(
ēH1 = (j − i+ nI1)∆p, i ≥ nI1

)
,

=
i∑

nI1
=0

Pr
(
ēH1 = (j − i+ nI1)∆p

)
×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

) ,

=
i∑

nI1
=0

P eλ
G

SU1
m

e
−
(

((j−i+nI1
)+1)∆pλ

GSU1
Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
PmλGSU1e

−
(

(j−i+nI1
)∆pλ

G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m



−

PmλGSU1e
−
(

((j−i+nI1
)+1)∆pλ

G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

(j−i+nI1
)∆pλ

GSU1
Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m


×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

) .

(3.48)

(iii) Joint Transition:

From Equations (3.46) and (3.48), the state transition probability from state
i to state i is as follows using probability sum rule for the above two mutually-
exclusive transition probability conditions (ξ0, ξ1):

Q̄(i, j) = Q̄ξ0(i, j) + Q̄ξ1(i, j), (3.49)

from Equation (3.49) above, the probability of SU1 being in state j can be deduced
as follows using Markovian analysis:

Π̄(j) =

Bmax

∆p∑
i=0

Q̄(i, j) ∗ Π̄(i), (3.50)
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where:
Bmax

∆p∑
j=0

Π̄(j) = 1. (3.51)

3.3.2 System Markov Analysis with respect to SU2

Since the two SUs (SU1 and SU2) are in a NOMA group, decoding the transmis-
sions of the stronger user (SU2) at the SBS considers the signal from the weaker
user (SU1) as interference because SIC is only applied when decoding the carrier
signal of the weaker user (SU1). Therefore, Markovian analysis of SU2 considers the
state transitions for SU1 as well to be able to cater for its transmission as part of the
interference. Thus, the states of the system to solve for SU2 Markovian analysis is

now defined by (i, j) where i = {0, 1, 2, ...,
⌈
Bmax

∆p

⌉
} and j = {0, 1, 2, 3, ...,

⌈
Bmax

∆p

⌉
}.

The states i and j represent the available energy chunks at the tth frame index
for SU1 and SU2, respectively. We have already presented battery energy evolu-
tion expression for SU1 in Equation (3.27). Similarly, below is the battery energy
evolution expression for SU2:

b2(t) = min{max{b2(t− 1) + eH2 (t− 1)− P s
2 (t− 1)× tts, 0}, Bmax}. (3.52)

At any point in time (t), the state transition event from (i, j) to (k, l) can be
characterized by the following state transition conditions considering the transi-
tions that each SU can take:

ST = {ST1, ST2, ST3, ST4},
where:

• ST = ST1 when b1(t)
tts

< Iit
Hp

1
and b2(t)

tts
< Iit

Hp
2
.

• ST = ST2 when b1(t)
tts

< Iit
Hp

1
and b2(t)

tts
≥ Iit

Hp
2
.

• ST = ST3 when b1(t)
tts

≥ Iit
Hp

2
and b2(t)

tts
< Iit

Hp
2
.

• ST = ST4 when b1(t)
tts

≥ Iit
Hp

1
and b2(t)

tts
≥ Iit

Hp
2
.

Having defined system state transition events above, to build the Markovian
model for these system made up of states for both SUs, we need to derive expres-
sions for transition probabilities for moving from state (i,j) to state (k,l), where
SU1 would be transition from state i to k and SU2 would be making a transition
from state j to l. Similar to what was done with modeling of SU1 transitions
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in the previous section, we first have to derive energy harvesting distributions of
SU2 for harvesting from the SBS and when harvesting from both SBS and MBS.
Following the similar approach as done for SU1, below are SU2 energy harvesting
expressions and their corresponding CDF distributions for harvesting from SBS
and also for harvesting from both SBS and MBS, respectively:

SU2 energy harvesting from SBS:

eH2 (t) = ηP e(t)GSU2(t)(TF − tts), (3.53)

using Equation (3.53) above, the CDF expression of SU2 energy harvesting is as
follows following the similar approach as when deriving energy harvesting for SU1:

FeH2
(y) = 1− e

−
(

y
ηPe(t)(TF−tts)

)
λ
GSU2 . (3.54)

SU2 energy harvesting from both SBS and MBS:

ēH2 (t) = η(TF − tts)
(
P e(t)GSU2(t) + Pm(t)GSU2

m (t)
)
, (3.55)

using Equation (3.55) above and the approach followed in the previous section
when deriving energy harvesting CDF for SU1 harvesting from both SBS and
MBS. Below is the CDF expression for SU2 when harvesting from both SBS and
MBS:

FēH2
(z) = 1− PmλGSU2e

−
(

zλ
G
SU2
m

Pmη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

+
P eλ

G
SU2
m

e
−
(

zλ
GSU2

Peη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

. (3.56)

Once we have the above energy harvesting distribution expressions for SU2, we
should be able to find closed-form expressions for SU1 and SU2 combined state
transition probabilities following similar approach as done in the previous section
for SU1. In the following sub-sections we derive state transition probabilities for
the defined state transition events (ST1, ST2, ST3 and ST4), considering cases
when both SUs are harvesting from SBS and when both SUs are harvesting from
the two sources (SBS and MBS).

41



3.3.2.1 SU1 and SU2 Energy Harvesting from SBS

Assuming that SU1 and SU2 are both harvesting from SBS. The transitions from
state (i, j) at frame index (t− 1) to (k, l) at frame index (t) are derived using SU1

and SU2 energy evolution Equations (3.27 and 3.52) for the defined state tran-
sition events. Below we derive state transition probabilities for each of the state
transition events (ST1, ST2, ST3 and ST4):

For ST = ST1: k = i+
eH1
∆p

− i => k =
eH1
∆p

and l = j +
eH2
∆p

− j => l =
eH2
∆p

:

QST1((i, j), (k, l)) = Pr

(
k =

eH1
∆p

, l =
eH2
∆p

, ST1

)
,

= Pr

(
k =

eH1
∆p

, l =
eH2
∆p

, i < nI1 , j < nI2

)
,

=

(
e
−
(

k∆pλ
GSU1

ηPe(TF−tts)

)
− e

−
(

(k+1)∆pλ
GSU1

ηPe(TF−tts)

))
×

1− e
−
(

λ
H

p
1
Iittts

i∆p

)
×

(
e
−
(

l∆pλ
GSU2

ηPe(TF−tts)

)
− e

−
(

(l+1)∆pλ
GSU2

ηPe(TF−tts)

))
×

1− e
−
(

λ
H

p
2
Iittts

j∆p

) .

(3.57)

For ST = ST2: k = i +
eH1
∆p

− i => k =
eH1
∆p

and l = j +
eH2
∆p

− nI2 => l − j =
eH2
∆p

− nI2 :

QST2((i, j), (k, l)) = Pr

(
k =

eH1
∆p

, l − j =
eH2
∆p

− nI2 , k < nI1 , l ≥ nI2

)
,

= Pr
(
eH1 = k∆p, i < nI1

)
× Pr

(
eH2 = (l − j + nI2)∆p, j ≥ nI2

)
,

=

(
e
−
(

k∆pλ
GSU1

ηPe(t)(TF−tts)

)
− e

−
(

(k+1)∆pλ
GSU1

ηPe(t)(TF−tts)

))
×

1− e
−
(

λ
H

p
1
Iittts

i∆p

)
×

(
j∑

nI2
=0

(
e
−
(

(l−j+nI2
)∆pλ

GSU2
ηPe(t)(TF−tts)

)
− e

−
(

(l−j+nI2
+1)∆pλ

GSU2
ηPe(t)(TF−tts)

))

×

e
−
(

λ
H

p
2
Iittts

(nI2
+1)∆p

)
− e

−
(

λ
H

p
2
Iittts

nI2
∆p

)).
(3.58)
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For ST = ST3: k = i+
eH1
∆p

− nI1 => k − i =
eH1
∆p

− nI1 and l = j +
eH2
∆p

− j =>

l =
eH2
∆p

:

QST3((i, j), (k, l)) = Pr

(
k − i =

eH1
∆p

− nI1 , l =
eH2
∆p

, i ≥ nI1 , j < nI2

)
,

= Pr(eH1 = (k − i+ nI1)∆p, i ≥ nI1)Pr
(
eH2 = l∆p, j < nI2

)
,

=

(
i∑

nI1
=0

(
e
−
(

(k−i+nI1
)∆pλ

GSU1
ηPe(t)(TF−tts)

)
− e

−
(

(k−i+nI1
+1)∆pλ

GSU1
ηPe(t)(TF−tts)

))

×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

))

×

(
e
−
(

l∆pλ
GSU2

ηPe(t)(TF−tts)

)
− e

−
(

(l+1)∆pλ
GSU2

ηPe(t)(TF−tts)

))
×

1− e
−
(

λ
H

p
2
Iittts

j∆p

) .

(3.59)

For ST = ST4: k = i+
eH1
∆p

−nI1 => k− i =
eH1
∆p

−nI1 and l = j+
eH2
∆p

−nI2 =>

l − j =
eH2
∆p

− nI2 :

QST4((i, j), (k, l)) = Pr(k − i =
eH1
∆p

− nI1 , l − j =
eH2
∆p

− nI2 , i ≥ nI1 , j ≥ nI2),

= Pr
(
eH1 = (k − i+ nI1)∆p, i ≥ nI1

)
× Pr

(
eH2 = (l − j + nI2)∆p, j ≥ nI2

)
,

=

(
i∑

nI1
=0

(
e
−
(

(k−i+nI1
)∆pλ

GSU1
ηPe(t)(TF−tts)

)
− e

−
(

(k−i+nI1
+1)∆pλ

GSU1
ηPe(t)(TF−tts)

))

×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

))

×

(
j∑

nI2
=0

(
e
−
(

(l−j+nI2
)∆pλ

GSU2
ηPe(t)(TF−tts)

)
− e

−
(

(l−j+nI2
+1)∆pλ

GSU2
ηPe(t)(TF−tts)

))

×

e
−
(

λ
H

p
2
Iittts

(nI2
+1)∆p

)
− e

−
(

λ
H

p
2
Iittts

nI2
∆p

)).

.

(3.60)
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Using probability sum rule, state transition probability expression for moving
from (i,j) to (k,l) is the sum of all the conditional state transition probabilities
derived for each transition event in Equations (3.57), (3.58), (3.59), and (3.60):

Q((i, j), (k, l)) = QST1((i, j), (k, l)) +QST2((i, j), (k, l))

+QST3((i, j), (k, l)) +QST4((i, j), (k, l)),
(3.61)

with reference to Equation (3.61) above, the probability of being in any state (k, l)
at tth frame index is computed as follows using Markovian analysis approach:

Π(k, l) =

Bmax

∆p∑
i=0

Bmax

∆p∑
j=0

Q((i, j), (k, l))Π(i, j), (3.62)

where:
Bmax

∆p∑
k=0

Bmax

∆p∑
l=0

Π(k, l) = 1. (3.63)

3.3.2.2 SU1 and SU2 Energy Harvesting from SBS and MBS

Similar to when both SUs are harvesting from only the SBS, transitioning from
state (i, j) at (t − 1) to (k, l) at (t) is defined as follows when both SUs are har-
vesting from SBS and MBS for each of the state transition events (ST1, ST2, ST3
and ST4):
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For ST = ST1: k = i+
ēH1
∆p

− i => k =
ēH1
∆p

and l = j +
ēH2
∆p

− j => l =
ēH2
∆p

:

Q̄ST1((i, j), (k, l)) = Pr

(
k =

ēH1
∆p

, l =
ēH2
∆p

, ST1

)
,

= Pr

(
k =

ēH1
∆p

, l =
ēH2
∆p

, i < nI1 , j < nI2

)
,

= Pr

(
k =

ēH1
∆p

, i < nI1 , l =
ēH2
∆p

, j < nI2

)
,

=

(P eλ
G

SU1
m

e
−
(

(k+1)∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
PmλGSU1e

−
(

k∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m



−

PmλGSU1e
−
(

(k+1)∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

k∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m


)

×

1− e
−
(

λ
H

p
1
Iittts

i∆p

)

×

(P eλ
G

SU2
m

e
−
(

(l+1)∆pλ
GSU2

Peη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

+
PmλGSU2e

−
(

l∆pλ
G
SU2
m

Pmη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m



−

PmλGSU2e
−
(

(l+1)∆pλ
G
SU2
m

Pmη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

+
P eλ

G
SU2
m

e
−
(

l∆pλ
GSU2

Peη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m


)

×

1− e
−
(

λ
H

p
2
Iittts

j∆p

) .

(3.64)

45



For ST = ST2: k = i +
ēH1
∆p

− i => k =
ēH1
∆p

and l = j +
ēH2
∆p

− nI2 => l − j =
ēH2
∆p

− nI2 :

Q̄ST2((i, j), (k, l)) = Pr

(
k =

ēH1
∆p

, l − j =
ēH2
∆p

− nI2 , k < nI1 , l ≥ nI2

)
,

= Pr
(
ēH1 = k∆p, i < nI1

)
× Pr

(
ēH2 = (l − j + nI2)∆p, j ≥ nI2

)
,

=

(P eλ
G

SU1
m

e
−
(

(k+1)∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
PmλGSU1e

−
(

k∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m



−

PmλGSU1e
−
(

(k+1)∆pλ
G
SU1
m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

k∆pλ
GSU1

Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m


)

×

1− e
−
(

λ
H

p
1
Iittts

i∆p

)

×

(
j∑

nI2
=0

([
P eλ

G
SU2
m

e
−
(

((l−j+nI2
)+1)∆pλ

GSU2
Peη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

+
PmλGSU2e

−
(

(l−j+nI2
)Deltapλ

G
SU2
m

Pmη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

]

−

[
PmλGSU2e
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(

((l−j+nI2
)+1)∆pλ

G
SU2
m

Pmη(TF−tts)

)
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G
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m

+
P eλ

G
SU2
m

e
−
(

(l−j+nI2
)Deltapλ

GSU2
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)

PmλGSU2 − P eλ
G

SU2
m

])

×

e
−
(

λ
H

p
2
Iittts

(nI2
+1)∆p

)
− e

−
(

λ
H

p
2
Iittts

nI2
∆p

)).
(3.65)
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For ST = ST3: k = i+
ēH1
∆p

− nI1 => k − i =
ēH1
∆p

− nI1 and l = j +
ēH2
∆p

− j =>

l =
ēH2
∆p

:

Q̄ST3((i, j), (k, l)) = Pr

(
k − i =

ēH1
∆p

− nI1 , l =
ēH2
∆p

, i ≥ nI1 , j < nI2

)
,

= Pr(ēH1 = (k − i+ nI1)∆p, i ≥ nI1)Pr
(
ēH2 = l∆p, j < nI2

)
,

=

(
i∑

nI1
=0

([
P eλ

G
SU1
m

e
−
(

((k−i+nI1
)+1)∆pλ
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)
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G

SU1
m

+
PmλGSU1e

−
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)∆pλ

G
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m

Pmη(TF−tts)

)
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G
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m

]

−
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−
(
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)+1)∆pλ

G
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m

Pmη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

+
P eλ

G
SU1
m

e
−
(

(k−i+nI1
)∆pλ

GSU1
Peη(TF−tts)

)

PmλGSU1 − P eλ
G

SU1
m

])

×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

))

×

(P eλ
G

SU2
m

e
−
(

(l+1)∆pλ
GSU2

Peη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

+
PmλGSU2e

−
(

l∆pλ
G
SU2
m

Pmη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m



−

PmλGSU2e
−
(

(l+1)∆pλ
G
SU2
m

Pmη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m

+
P eλ

G
SU2
m

e
−
(

l∆pλ
GSU2

Peη(TF−tts)

)

PmλGSU2 − P eλ
G

SU2
m


)

×

1− e
−
(

λ
H

p
2
Iittts

j∆p

) .

.

(3.66)

For ST = ST4: k = i+
ēH1
∆p

−nI1 => k− i =
ēH1
∆p

−nI1 and l = j+
ēH2
∆p

−nI2 =>

l − j =
ēH2
∆p

− nI2 :
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Q̄ST4((i, j), (k, l)) = Pr(k − i =
ēH1
∆p

− nI1 , l − j =
ēH2
∆p

− nI2 , i ≥ nI1 , j ≥ nI2),

=

(
i∑

nI1
=0

([
P eλ

G
SU1
m

e
−
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)+1)∆pλ
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SU1
m
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−
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)∆pλ

G
SU1
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)
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m

]
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(
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e
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m

])

×

e
−
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λ
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p
1
Iittts
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)
− e

−
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λ
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p
1
Iittts
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∆p

))

×

(
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SU2
m

e
−
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)
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G

SU2
m

+
PmλGSU2e

−
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G
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−

[
PmλGSU2e
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G
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P eλ

G
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e
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)
− e

−
(

λ
H

p
2
Iittts

nI2
∆p

)).
(3.67)

Similarly, the state transition probability expression is the sum the above condi-
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tional transition probability expressions derived in Equations (3.64), (3.65), (3.66),
and (3.67):

Q̄((i, j), (k, l)) = Q̄ST1((i, j), (k, l)) + Q̄ST2((i, j), (k, l))

+Q̄ST3((i, j), (k, l)) + Q̄ST4((i, j), (k, l)),
(3.68)

using Equation (3.68) above, the probability of being in state (k, l) at tth frame
index is computed as follows, using Markovian analysis:

Π̄(k, l) =

Bmax

∆p∑
i=0

Bmax

∆p∑
j=0

Q̄((i, j), (k, l))Π̄(i, j), (3.69)

where:
Bmax

∆p∑
k=0

Bmax

∆p∑
l=0

Π̄(k, l) = 1. (3.70)

3.4 Simulation Results and Discussion

Table 3.2: Table of Simulation Parameters
Symbol Description

λGs 500 Watts/meter
λGs

SU1
120 Watts/meter

λGs
SU2

70 Watts/meter
λHs

1
120 Watts/meter

λHs
2

70 Watts/meter
λGSU1 300 Watts/meter
λGSU2

m
250 Watts/meter

λHp
1

300 Watts/meter

λHp
2

250 Watts/meter

∆p 0.01 Watts
σ2 0.05 Watts
Tf 20× 10−3 seconds
tts 2× 10−3 seconds
η 1
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In this section, simulations of the derived Markovian analysis are presented
using matlab. First we present the confirmations of the derived CDFs that are
used to build closed-form expressions for SUs state transition probabilities, which
are in turn used to derive long term (steady state) probabilities of SUs being in
each state of their Markovian models. To generate required validation results,
battery level discretization factor is set to 0.01 watts (∆p=0.01). The channel
gains between respective transmitter-receiver antenna pairs are generated from
the rates set as follows: λGs = 500, λGs

SU1
= 120, λGs

SU2
= 70, λHs

1
= 120, λHs

2
=

70, λGSU1 = 300, λGSU2
m

= 250, λHp
1
= 300, and λHp

2
= 250. Additive white Gaussian

noise is set to σ2 = 0.05. Since the proposed system is modelled as a time division
multi-access system, frame duration is set as Tf = 20 × 10−3 seconds and the
frame time-slot as tts = 2 × 10−3 seconds. For energy harvesting purposes, the
energy conversion coefficient is set to η = 1. The above initial settings are shown
in Table 3.2. On the result graphs, we denote “Sim” and “Analysis” as simulation
and analytical result curves, respectively. Matlab simulations are used to verify
the derived analytical expressions and to provide system performance evaluation
intuitively. The simulation parameters are chosen to evaluate the robustness of
the proposed system model. To achieve this, relatively high transmit powers are
picked to assess system performance under conditions of excessive interference.

3.4.1 Distributions Confirmations

This sub-section covers confirmation of some major distributions that contribute
to the analytical derivations of the subsequent analytical expressions for each SU
Markovian analysis. Fig. 3.4 presents distribution validation for the random
variable ni depicted in Equation (3.26). This distribution is one of the distributions
used to analytically derive transition probabilities for Markovian analysis done in
this research work. Fig. 3.5 shows CDF results confirmation for simulation and
analysis of the derived energy harvesting CDF expression for energy harvesting
from SBS as shown in Equation (3.30), this distribution is also used in the system
Markovian analysis derivations. Similarly, energy harvesting from both SBS and
MBS derived CDF expression confirmation is shown in Fig. 3.6. The results
presented in this subsection reveal a match between analytical and simulation
results. Therefore, the associated analytical expressions can be considered valid.
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Figure 3.4: ni Distribution: Battery Power Conditioned on Iit
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Figure 3.5: SBS: Energy Harvesting CDF Distribution
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Figure 3.6: SBS and MBS: Energy Harvesting CDF Distribution
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3.4.2 Markovian Analysis

Figure 3.7: SBS: State Probability vs Battery States for Different Values of Pri-
mary Transmit Power Pp

Fig. 3.7 illustrates the Markovian analysis of the proposed energy harvesting
CR-NOMA system model in this dissertation. The figure shows simulation and
corresponding analytical graphs representing probabilities of an SU being in a
particular Markovian state. State transitions depend on the energy consumed by
the SUs to facilitate transmission, the energy harvested from the SBS downlink
transmissions during a particular frame duration, and the residual energy from the
previous transmission frame. The simulations and analysis curves were compared
for different values of SBS downlink transmit power (watts), Pe = (1000 : 500 :
2000). Similarly, Fig. 3.8 shows state probability simulation and analytical results,
but this time around with energy harvesting from both SBS and MBS. For this
case, SBS downlink transmit power (watts) is varied as it was when harvesting
was done only from the SBS (Pe = (1000 : 500 : 2000)), while the MBS downlink
transmit power is fixed at Pm = 1500 watts. It is observed from the two results
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Figure 3.8: SBS and MBS: State Probability vs Battery States for Different Values
of Primary Transmit Power Pp
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that when harvesting from both sources (SBS and MBS), the SUs spend more
time in higher energy states than when harvesting from a single source (SBS) as
expected.Good agreement exists between the results obtained from simulation and
analytical results. Thus, we can confirm that analytical Markovian expressions for
SUs state transitions were derived correctly.

3.5 Summary

In this chapter, the considered system model has been presented, Markovian anal-
ysis for each SU when harvesting energy from the SBS and when harvesting from
both the SBS and MBS were accurately performed. The derived Markovian analy-
sis expressions for each SU were verified by simulations in Matlab and the obtained
results show a close agreement between simulation and analysis results. Thus con-
firming the validity of the derived analytical expressions.
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Chapter 4

Outage Probability Analysis

4.1 Introduction

This chapter investigates outage probability experienced by SU1 and SU2 in the
proposed energy harvesting CR-NOMA IoT system model. Outage probability is
the probability that the instantaneous SINR as shown in Equation (4.1) is less
than target SINR as presented in Equation (3.11), where the target SINRs for
successful decoding of transmissions from SU1 and SU2 at the SBS are denoted as
δ1 and δ2, respectively.

P n
out(t) =


P s
1 (t)H

s
1(t)

P p(t)Gs(t)+Ω2+σ2 < δ1, n = 1

P s
2 (t)H

s
2(t)

P s
1 (t)H

s
1(t)+P p(t)Gs(t)+σ2 < δ2, n = 2

(4.1)

To derive closed-form expressions of outage probability for each SU, CDF for
SINRs of each SU has to be derived. To analytically derive closed-form expression
for SINR CDF, Markovian models build for each SU in Chapter 3 are adopted
to be able to derive SINR CDF expression for an SU at the particular state i
(represented by the number of energy chunks in the battery). The closed-form
expression for total outage probability of each SU at any state is computed by
multiplying the outage probability at any state i by the probability of being in
that state.

4.2 Outage Probability Experienced by SU1

For SBS to reliably receive transmissions from SU1 (weaker user), both uplink
transmissions from SU1 and SU2 (stronger user) should be successfully decoded
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by SBS during the SIC process. Using Markovian analysis done in Chapter 3 as
our basis, outage probability experienced by SU1 can be derived as follows for the
two possible transition events, ξ = 0 and ξ = 1:

4.2.1 Case 1

Outage probability for SU1 given ξ = 0 at any system state j is given by:

P 1
out(j)|ξ=0 = 1− Pr

(
j
tts
∆pH

s
1

P pGs + σ2 + Ω2
> δ1

)
,

= 1− Pr

(
j

tts
∆pH

s
1 − δ1P

pGs > δ1
(
σ2 + Ω2

))
,

(4.2)

letting Y = j
tts
∆pH

s
1 − δ1P

pGs, then Equation (4.2) simplifies to:

P 1
out(j)|ξ=0 = 1− Pr

(
Y > δ1

(
σ2 + Ω2

))
,

= 1− (1− FY

(
δ1
(
σ2 + Ω2

))
,

= FY

(
δ1
(
σ2 + Ω2

))
.

(4.3)

To solve Equation (4.3), we need to find the CDF of Y = j
tts
∆pH

s
1 − δ1P

pGs,

which is the difference of two exponential random variables j
tts
∆pH

s
1 and δ1P

pGs.
The expression for the CDF of Y is derived as follows using the approach defined
in [40]:
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FY (y)|j,ξ=0 = Pr (Y ≤ y) ,

= Pr

(
j

tts
∆pH

s
1 − δ1P

pGs ≤ y

)
,

= Pr

(
Hs

1 ≤ δ1P
pGs

j
tts
∆p

+
y

j
tts
∆p

)
,

=

∫ ∞

0

FHs
1

(
1

j
tts
∆p

(δ1P
px+ y)

)
fGs(x) dx,

=

∫ ∞

0

1− e
−λHs

1

(
1

j
tts

∆p
(δ1P px+y)

)λGse−λGsx dx,

= 1−
j
tts
∆pλGse

−
(

λHs
1
y

j
tts

∆p

)

λHs
1
δ1P p + j

tts
∆pλGs

.

(4.4)

Using Equation (4.4) above, outage probability at j given ξ = 0, is expressed
as follows for imperfect and perfect SIC scenarios:

4.2.1.1 Imperfect SIC Scenario:

This considers scenario where there is some residual interference at the SBS caused
by imperfect SIC which is modelled as Ω2:

P 1
out(j)|ξ=0 =

(
1− Pr

(
j
tts
∆pH

s
1

P pGs + σ2 + Ω2
> δ1

))
× Pr (j < nI1) ,

=

1−
j
tts
∆pλGse

−

λHs
1
δ1(σ2+Ω2)
j

tts
∆p


λHs

1
δ1P p + j

tts
∆pλGs


×

1− e
−
(

λ
H

p
1
Iittts

j∆p

) .

(4.5)

4.2.1.2 Perfect SIC Scenario:

In this scenario, Ω2 goes to zero because the assumption is that there is no SIC
error:
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P 1
out(j)|ξ=0 =

(
1− Pr

(
j
tts
∆pH

s
1

P pGs + σ2 + Ω2
> δ1

))
× Pr (j < nI1) ,

=

1−
j
tts
∆pλGse

−
(

λHs
1
δ1σ

2

j
tts

∆p

)

λHs
1
δ1P p + j

tts
∆pλGs

×

1− e
−
(

λ
H

p
1
Iittts

j∆p

) .

(4.6)

4.2.2 Case 2

Similarly, outage probability of SU1 given ξ = 1 is derived as follows:

P 1
out(j)|ξ=1 = 1− Pr

( nI1

tts
∆pH

s
1

P pGs + σ2 + Ω2
> δ1

)
,

= 1− Pr

(
nI1

tts
∆pH

s
1 − δ1P

pGs > δ1
(
σ2 + Ω2

))
.

(4.7)

Now let Y =
nI1

tts
∆pH

s
1 − δ1P

pGs, then Equation (4.7) above simplifies to:

P 1
out(j)|ξ=1 = 1− Pr

(
Y > δ1

(
σ2 + Ω2

))
,

= 1− (1− FY

(
δ1
(
σ2 + Ω2

))
,

= FY

(
δ1
(
σ2 + Ω2

))
.

(4.8)

To solve Equation (4.8) above, we need to find the CDF of Y =
nI1

tts
∆pH

s
1 −

δ1P
pGs:
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FY (y)|nI1
= Pr (Y ≤ y) ,

= Pr

(
nI1

tts
∆pH

s
1 − δ1P

pGs ≤ y

)
,

= Pr

(
Hs

1 ≤ δ1P
pGs

nI1

tts
∆p

+
y

nI1

tts
∆p

)
,

=

∫ ∞

0

FHs
1

(
1

nI1

tts
∆p

(δ1P
px+ y)

)
fGs(x) dx,

=

∫ ∞

0

1− e
−λHs

1

(
1

nI1
tts

∆p

(δ1P px+y)

)λGse−λGsx dx,

= 1−
nI1

tts
∆pλGse

−
(

λHs
1
y

nI1
tts

∆p

)

λHs
1
δ1P p +

nI1

tts
∆pλGs

.

(4.9)

Un-conditioning on nI1 in Equation (4.9) above, outage probability of SU1

given ξ = 1 at state j is given by the below expressions for imperfect and perfect
SIC scenarios:

4.2.2.1 Imperfect SIC Scenario:

In this case, SIC process results in residual interference that is not considered
insignificant.

P 1
out(j)|ξ=1 = 1− Pr

( nI1

tts
∆pH

s
1

P pGs + σ2 + Ω2
> δ1, j ≥ nI1

)
,

=

j∑
nI1

=0

1−
nI1

tts
∆pλGse

−

λHs
1
(σ2+Ω2)
nI1
tts

∆p


λHs

1
δ1P p +

nI1

tts
∆pλGs


×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1
Iittts

nI1
∆p

) .

(4.10)

61



4.2.2.2 Perfect SIC Scenario:

In this case, it is assumed that SIC process was able to cancel out interference
such that the residual interference is considered negligible. Thus Ω is set to zero.

P 1
out(j)|ξ=1 = 1− Pr

( nI1

tts
∆pH

s
1

P pGs + σ2 + Ω2
> δ1, j ≥ nI1

)
,

=

j∑
nI1

=0

1−
nI1

tts
∆pλGse

−
(

λHs
1
σ2

nI1
tts

∆p

)

λHs
1
δ1P p +

nI1

tts
∆pλGs


×

e
−
(

λ
H

p
1
Iittts

(nI1
+1)∆p

)
− e

−
(

λ
H

p
1 Iit

tts

nI1
∆p

) .

(4.11)

Using results from Equations (3.36),(3.50),(4.5), and (4.10), total outage prob-
ability for SU1 is given by the following expressions using probability sum rule
and considering both cases of harvesting from SBS as well as when harvesting
from both the SBS and MBS:

Case 1: With energy harvesting from SBS

P 1,total
out =

Bmax

∆p∑
j=0

(
P 1
out(j)|ξ=0 + P 1

out(j)|ξ=1

)
Π(j). (4.12)

Case 2: With energy harvesting from SBS and MBS:

P 1,total
out =

Bmax

∆p∑
j=0

(
P 1
out(j)|ξ=0 + P 1

out(j)|ξ=1

)
Π̄(j). (4.13)

4.3 Outage Probability Experienced by User 2

For SU2 transmissions to be reliably decoded by the SBS, SBS will only need to
decode SU2 (strong user) signal and treat SU1 (weak user) signal as part of the
interference. Outage probability for SU2 will occur when its instantaneous SINR is
less than target SINR as shown in equation (3.11). We built from that as follows,
to find closed-form expression for SU2 outage probability:
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P 2
out(i, j)|P s

1 (i),P
s
2 (j)

= Pr

(
P s
2 (j)H

s
2

P s
1 (i)H

s
1 + P pGs + σ2

< δ2

)
,

= Pr
(
P s
2 (j)H

s
2 − (δ2P

s
1 (i)H

s
1 + δ2P

pGs) < δ2σ
2
)
.

(4.14)

Letting T = δ2P
s
1 (i)H

s
1 + δ2P

pGs, then the PDF of ,T , is derived by first,
deriving PDFs for δ2P

s
1 (i)H

s
1 and δ2P

pGs as follows:

FHs
1
(z)|P s

1 (i)
= Pr (δ2P

s
1 (i)H

s
1 ≤ z) ,

= Pr

(
Hs

1 ≤ z

δ2P s
1 (i)

)
,

= 1− e
−
(

λHs
1
z

δ2P
s
1 (i)

)
,

(4.15)

FGs (z) = Pr (δ2P
pGs ≤ z) ,

= Pr

(
Gs ≤ z

δ2P p

)
,

= 1− e
−
(

λsGz

δ2P
p

)
.

(4.16)

Using Equations (4.15) and (4.16), the PDF expressions of the above random
variables are derived as follows:

fHs
1
(z)|P s

1 (i)
=

∂FHs
1
(z)

∂z
,

=

(
λHs

1

δ2P s
1 (i)

)
e
−
(

λHs
1
z

δ2P
s
1 (i)

)
,

(4.17)

fGs(z) =
∂FGs(z)

∂z
,

=

(
λGs

δ2P p

)
e
−
(

λGsz

δ2P
p

)
.

(4.18)

Deploying convolution approach as in [75], the PDF of T is then derived as
follows using the above derivations in Equations (4.17) and (4.18):
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fT (t)|P s
1 (i)

=

∫ t

0

fHs
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=
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=
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)(
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P pλHs

1
− P s

1 (i)λGs

) (e−( tλGs
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)
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s
1 (i)

))
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(4.19)

Substituting T back in Equation (4.14), SU2 outage probability expression is
derived as follows:

P 2
out(i, j)|P s

1 (i),P
s
2 (j)

= Pr
(
P s
2 (j)H

s
2 − T ≤ δ2σ

2
)
,

= Pr

(
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2 + T
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2 (j)

)
,
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∫ ∞

0
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(
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)
− e

−
(

tλGs
δ2Pp

)))
dt,

=
λHs

1
λGs

δ2
(
P pλHs

1
− P s

1 (i)λGs

)
×
∫ ∞
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(
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−
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(4.20)
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Un-conditioning Equation (4.20) with respect to P s
1 (i) and P s

2 (j) since this are
random variables, P 2

out is expressed as follows for different values that can be taken
by P s

1 and P s
2 :

Case 1: P s
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i
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(4.21)

Case 2: P s
1 =
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(4.22)

Case 3: P s
1 = i

tts
∆p for i < nI1 and P s

2 =
nI2

tts
∆p for j ≥ nI2 :
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P 2
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(4.23)

Case 4: P s
1 =

nI1

tts
∆p for i ≥ nI1 and P s

2 =
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∆p for j ≥ nI2 :
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(4.24)
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Using results from Equations (3.62), (3.69),(4.21), (4.22), (4.24), and (4.24),
the total outage probability for SU2 is given by summing the conditional proba-
bilities derived in the above results using probability sum rule:

Case 1: SU2 total outage probability with energy harvesting done from SBS
for both SUs:

P 2,total
out =

Bmax

∆p∑
k=0

Bmax

∆p∑
l=0

(
P 2
out(k, l)|case1 + P 2

out(k, l)|case2

+ P 2
out(k, l)|case3 + P 2

out(k, l)|case4

)
Π(k, l).

(4.25)

Case 2: SU2 total outage probability with energy harvesting done from both
SBS and MBS by the SUs:

P 2,total
out =

Bmax

∆p∑
k=0

Bmax

∆p∑
l=0

(
P 2
out(k, l)|case1 + P 2

out(k, l)|case2

+ P 2
out(k, l)|case3 + P 2

out(k, l)|case4

)
Π̄(k, l).

(4.26)

4.4 Simulation Results and Discussion

In this section, we generate simulation results to confirm the derived outage prob-
ability expressions for each SU. The results generated in this chapter adopted the
initial parameter settings presented in Chapter 3, Table 3.2.

In Fig. 4.1 and Fig. 4.2 , outage probability performance versus SINR thresh-
old at the SBS is demonstrated for SU1 and SU2, respectively. Different curves are
generated for different values of primary user transmit power(100, 200, 300)watts.
It can be observed from the curves that outage probability increases as SINR
threshold is increased, this is the expected behaviour because as we increase SINR
threshold with every parameter fixed, we increase the likely-hood that the instanta-
neous SINR will be less than the threshold SINR. The curves further demonstrate
that overall outage probability increases at higher primary transmit power, be-
cause an increase in primary transmit power results in an increase in interference
experienced at the SBS receiver resulting in the difficulty to decode the carrier
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signal at the SBS receiver.

Fig. 4.3 and Fig. 4.4 demonstrate outage probability versus SINR threshold,
while varying energy harvesting efficiency factor eta , η = 0.3, 0.6, 09. Similarly,
different plots are generated to demonstrate outage probability behaviour of SU1

and SU2 for different values of energy harvesting conversion efficiency factor. It can
be observed from both figures that as energy conversion efficiency is improved both
users achieve better outage probabilities (outage probability decreases), with the
lowest eta resulting in the highest outage probability graph for both SUs. This is
the expected behaviour because as eta increases, SUs are able harvest more energy
per frame. More harvested energy implies that the SUs will most of the time have
sufficient energy (though constrained by interference threshold) for their instanta-
neous SINRs to be greater than SINR threshold most of the time, thus decreasing
outage likely-hood.

Fig. 4.5 and Fig. 4.6 cover the results for outage probability versus inter-
ference constraint while varying different values of primary transmit power P p.
It is observed from the graphs that outage probability decreases as interference
constraint power is increasing. This is expected because as the interference power
constraint increases, both users are allowed to transmit with relatively high powers
which increases the likely-hood of successful decoding of their carrier signals, this
is because increasing interference threshold relaxes the constraint on the maxi-
mum power that the SUs can transmit with. Simulation and analytical results are
matching, thus, this further validates the derived analytical closed-form expression
for outage probability of both users.

Fig. 4.7 and Fig. 4.8 show the results for outage probability of each user as
we vary battery level for different values of primary transmit power P p. The re-
sults clearly show that outage probability decreases as each user’s battery level
increases. It is further observed that for both users, the highest value of primary
transmit power P p = 300 produces the performance with the highest outage prob-
abilities. This is expected because as we increase primary transmit power, we
increase interference, which consequently results in higher outage performance.
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Figure 4.1: Outage Probability vs SINR Threshold for Different Values of Primary
Transmit Power Pp (Watts)
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Figure 4.2: Outage Probability vs SINR Threshold for Different Values of Primary
Transmit Power Pp (Watts)
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Figure 4.3: Outage Probability vs SINR for Different Values of eta
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Figure 4.4: Outage Probability vs SINR for Different Values of eta
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Figure 4.5: Outage Probability vs Interference Threshold for Different Values of
Primary Transmit Power Pp (Watts)
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Figure 4.6: Outage Probability vs Interference Threshold for Different Values of
Primary Transmit Power Pp (Watts)
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Figure 4.7: Outage Probability vs Battery Level for Different Values of Primary
Transmit Power Pp (Watts)
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Figure 4.8: Outage Probability vs Battery Level for Different Values of Primary
Transmit Power Pp (Watts)
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4.5 Summary

This Chapter builds upon the results presented in Chapter 3 to accurately derive
close-form expressions for outage probability of each SU in the proposed system
model. To confirm that the derived analytical expressions for outage probabil-
ity are correct, simulation results were presented and they have shown a match
between the analytical and simulation results. This results confirmed that the de-
rived outage probability expressions for each SU are valid. Also, the outage results
observed when varying different parameters conform to the theoretically expected
performance results.
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Chapter 5

Mean Capacity Analysis

5.1 Introduction

In this Chapter, we obtain uplink closed-form expression for mean capacity of the
SUs in the proposed system model. Mean capacity is determined under peak in-
terference power constraint, Iit. This is similar to the assumption made in [73]
but in our case instead of assuming maximum transmit power for the SUs, the
SUs transmit power is constraint by the user’s available battery energy and the
interference threshold power as shown in Equation (3.4). It is assumed that the
SUs always have data to transmit. Using Shannon capacity formula as expressed
in Equation (3.6), mean capacity is calculated as follows, for each SU using the
approach similar to the one used in [73]:

Cn =W × log2 (1 + δn) ,

=W

∫ ∞

0

log2 (1 + y) fδn(y) dy,

=
W

loge(2)

∫ ∞

0

1− Fδn(y)

1 + y
dy,

(5.1)

where W is the bandwidth, fδn(y) and Fδn(y) are the PDF and CDF of the random
variable δn, respectively. δn represents the SU SINR as expressed in Equation (4.1).
Note that we need to find the expression for CDF of SINR Fδn(y) to be able to
derive a closed-form expression for mean capacity of each SU.
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5.2 Mean Capacity SU1

To evaluate mean capacity for SU1, we need to derive the CDF of SINR Fδ1(y)
as observed in the capacity expression in Equation (5.1). To do this, we adopt
the Markovian model build for SU1 in Chapter 3 by finding Fδ1(y) at SU1 system
state i as follows:

Fδ1(y)|i =Pr

(
P s
1 (i)H

s
1

P pGs + Ω2 + σ2
< y

)
,

=1− Pr

(
P s
1 (i)H

s
1

P pGs + Ω2 + σ2
> y

)
,

=1− Pr
(
P s
1 (i)H

s
1 − yP pGs > y

(
Ω2 + σ2

))
.

(5.2)

Un-conditioning on P s
1 (i) the above expression for Fδ1(y) reduces to the below:
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∫ ∞
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∫ ∞
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(5.3)

79



Plugging the expressions for Pr (i < nI1), fGs(x) and fnI1
(nI1) in Equation

(5.3), then solving the integrals, we get the below result for Fδ1(y)|i:
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∫ ∞
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∫ ∞
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(5.4)

Substituting Fδ1(y) in Equation (5.1), mean capacity for SU1 is expressed as
follows:
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∫ ∞
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(5.5)

Solving the integrals in Equation (5.5) above, the below closed-form expression
for SU1 mean capacity at state i is derived:
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(5.6)

Therefore, the overall SU1 mean capacity is expressed as follows using Marko-
vian analysis:

Case 1: SU1 harvesting energy from SBS

C1 =

Bmax
∆p∑
i=0

C1|i × Π(j). (5.7)

Case 2: SU1 harvesting energy from SBS and MBS

C1 =

Bmax
∆p∑
i=0

C1|i × Π̄(j). (5.8)

5.3 Mean Capacity SU2

Similar to SU1, we need to derive the expression for CDF of SINR Fδ2(y) for SU2

to be able to evaluate this user’s mean capacity. Adopting Markovian analysis
presented in Chapter 3 we first derive CDF of SINR where SU1 is at state i and
SU2 is at state j, Fδ2(y)|i,j:
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Fδ2(y)|i,j =Pr
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(5.9)

Since SUs transmit powers P s
2 (j) and P s

1 (i) are random variables as shown in
Equation (3.4), we need to express Fδ2(y)|i,j un-conditioned on both P s

2 (j) and
P s
1 (i), thus Equation (5.9) becomes:
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(5.10)

Letting A = y i∆p

tts
Hs

1 + yP pGs and B = y nI1∆p

tts
Hs

1 + yP pGs, the expressions for
PDF of A and B are derived as follows:
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fA(x) =

∫ x
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fHs
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(5.11)

and the PDF for B is as follows:
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(5.12)
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Further reducing Equation (5.10), Fδ2(y)|i,j is expressed as follows:

Fδ2(y)|i,j =1− Pr
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(5.13)
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Equation (5.13) above is further reduced to the below expression:

Fδ2(y)|i,j =1−

(
Pr (i < nI1)Pr (j < nI2)×

∫ ∞

0

(
1− FHs

2

(
yσ2 + x

j∆p

tts

))
fA(x)dx

+
i∑

nI1
=0

fnI1
(nI1)Pr (j < nI2)×

∫ ∞

0

(
1− FHs

2

(
yσ2 + z

j∆p

tts

))
fB(z)dz

+

j∑
nI2

=0

fnI2
(nI2)Pr (i < nI1)×

∫ ∞

0

(
1− FHs

2

(
yσ2 + x
nI2

∆p

tts

))
fA(x)dx

+
i∑

nI1
=0

j∑
nI1

=0

fnI1
(nI1)fnI2

(nI2)×
∫ ∞

0

(
1− FHs

2

(
yσ2 + z
nI2

∆p

tts

))
fB(z)dz

)
.

(5.14)

Re-arranging Equation (5.14) above we get the below expression for Fδ2(y)|i,j:
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(5.15)
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Plugging expressions for fA(x) and FB(z) in Equation (5.15) above, we get the
below expression for Fδ2(y)|i,j:
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(5.16)
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Solving the integrals in Equation (5.16), we get the below expression for Fδ2(y)|i,j:
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(5.17)
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Plugging Fδ2(y)|i,j back in Equation (5.1), mean capacity for SU2 is as follows:

C2|i,j =
W

loge(2)

∫ ∞

0

1− Fδ2(y)|i,j
1 + y

dy,

=Ā+ B̄ + C̄ + D̄.

(5.18)

The components (Ā, B̄, C̄, and D̄) of Equation (5.18) actual expressions are
represented in the below different cases, where each component integrals are solved
using partial fraction decomposition approach.

Case 1: for Ā
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Case 2: for B̄
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Case 3: for C̄
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Case 4: for D̄
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(5.22)

Plugging Equations (5.19), (5.20), (5.21), and (5.22) back to Equation (5.18),
closed-form expression for SU2 mean capacity at system state (i,j) is given by the
below Equation (5.23):
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C2|i,j =Ā+ B̄ + C̄ + D̄. (5.23)

Using Equation (5.23) above, the overall SU2 mean capacity is expressed as
follows using Markovian analysis:

Case 1: With both SUs harvesting energy from SBS:

C2 =

Bmax
∆p∑
i=0

Bmax
∆p∑
j=0

C2|i,j × Π(k, l). (5.24)

Case 2: With both SUs harvesting energy from the SBS and MBS:

C2 =

Bmax
∆p∑
i=0

Bmax
∆p∑
j=0

C2|i,j × Π̄(k, l). (5.25)

5.4 Simulation Results and Discussion

In this section, we generate simulation results to confirm the derived mean capacity
expressions for each SU, as well as to quantify each SU mean capacity performance.
Similarly to Chapter 4, the results generated in this chapter adopted the initial
simulation parameter settings presented in Chapter 3 Table 3.2.

Fig. 5.1 and Fig. 5.2 show the results for SU1 and SU2 mean capacity versus
battery level for different values of primary transmit power P p. It is observed
from the graphs that as primary transmit power is increased, there is a decrease
in mean capacity for both (SU1 and SU2) as expected. The observed decrease
is due to an increase in interference as a consequence of an increase in primary
transmit power. Fig. 5.3 and Fig. 5.4 show similar results for mean capacity
but for different values of interference threshold Iit. An increase in Iit relaxes
the transmit power constraint imposed on SUs. Thus, its increase results in SUs
being able to increase their transmit power, which consequently will results in an
increase in mean capacity as observed from the simulation graphs.
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Figure 5.1: Mean Capacity vs Battery Level for Different Values of Primary Trans-
mit Power Pp (Watts)
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Figure 5.2: Mean Capacity vs Battery Level for Different Values of Primary Trans-
mit Power Pp (Watts)
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Figure 5.3: Mean Capacity vs Battery Level for Different Values of Interference
Threshold Iit
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Figure 5.4: Mean Capacity vs Battery Level for Different Values of Interference
Threshold Iit
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5.5 Summary

Similar to Chapter 4, this chapter builds upon the results presented in Chapter
3 to accurately derive mean capacity analytical expressions for each SU in the
proposed system model. Matlab simulation results for the derived mean capacity
closed-form expressions showed a match between the simulation and analytical
results, thus confirming analytical results validity.
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Chapter 6

Conclusion

6.1 Introduction

This Chapter gives a summary of the work done in this research dissertation and
outlines potential future research directions that can built on this work.

6.2 Summary and Conclusions

Chapter 1 presented the problem statement, research question and the method-
ology that has been used to answer the research questions for this dissertation.
Chapter 2 covered literature review where background concepts were presented as
well as relevant research work to this study. Most works covered systems with CR
and NOMA with no EH component, others covered simple network models with on
EH without any CR and NOMA concepts. The works that covered performance
analysis of system models with both CR-NOMA and EH did the analysis on the
downlink, they further did not cater for the residual energy that can occur from
one transmission frame to the next. The system model presented in this disser-
tation had both CR-NOMA and EH components, the analyses were carried out
on the uplink. This dissertation analysis caters for stochastic nature of energy
harvesting as well as the residual energy from one transmission frame to the next,
this is not done in any of the works done in literature.

Chapter 3 presented the considered system model for this research study. The
considered system model Markovian model is derived in this Chapter, where closed-
form expressions for SU1 and SU2 state transition probabilities were derived. Using
state transition probabilities results, probabilities of each SU being in a particular
state at any point in time were derived. Chapter 4 used the results of Markovian
analysis in Chapter 3 to accurately derive closed-form expressions for each SU out-
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age probability. In Chapter 5, mean capacity closed-form analytical expressions for
each SU were derived on the basis of the Markovian analysis provided in chapter 3.

Simulation results validated the accuracy of the analytical expressions derived.
The impact on system outage performance and mean capacity for varying certain
network parameters is observed and analysed. Overall, the analysis show that
higher primary transmit power resulted in higher outage probabilities for both
users while mean user capacity decreased as expected. These results are due to an
increase in interference on the SUs carrier signal at the SBS receiver. It is further
observed that as the battery level or energy harvesting conversion efficiency factor
are increased, each SU outage performance improved. The results for mean capac-
ity increased as the battery level values increased. It was further observed that an
increase in Iit results in higher attained mean capacity for each SU, this results are
observed because higher values of Iit allow users to transmit with higher transmit
power to improve their channel capacity. Results from simulation validated the
derived analytical expressions as there is a match between simulation and analysis
graphs for all the derived analytical expressions. Though the generated results for
outage probability and mean capacity are based on the assumption that SUs are
harvesting from only the SBS, similar approach can be followed to generate the
same results while the SUs are harvesting from multiple sources such as SBS and
MBS.

6.3 Future Work

This research work can be improved by considering the below potential future
works:

• Physical Layer security analysis for the considered system model.

• Introducing an eavesdropper in the system model and propose viable secure
communication model.

• Introducing Mobile-Edge server at the SBS then analyse performance and
security implications.
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