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ABSTRACT

INTERFERENCE MANAGEMENT IN

ENERGY-EFFICIENT HETEROGENEOUS NETWORKS

By the densification of the cellular networks, the performance of the users, who

are close to coverage boundaries, significantly degrades due to severe interference. The

statistical characteristics of the interfering signal gets complicated by heterogeneity of

the base station deployment and employing non-orthogonal multiple access (NOMA).

In this thesis, stochastic geometry analysis is presented to reveal the statistical charac-

teristics of the user performance. The interference experienced by the user includes the

signals coming from the neighbor base stations with different transmit power capabili-

ties and also from user’s own serving base station for NOMA. Coverage probabilities of

strict fractional frequency reuse (FFR) and soft frequency reuse (SFR) techniques are

derived for NOMA-based heterogeneous network to indicate their performance under

such interference. Parameter optimization problems for strict FFR and almost blank

sub-frame (ABS) are modelled for maximization of energy efficiency by the capacity

derivations of stochastic geometry analysis. A hybrid multiple access method, where

NOMA and orthogonal multiple access (OMA) jointly deployed for improving edge user

performance, is proposed and compared with conventional NOMA. For uplink NOMA,

a decode order optimization problem is presented with its solution for avoidance of

intra-cell interference under the user transmit power constraints.
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ÖZET

ENERJİ VERİMLİ ÇOKTÜREL AĞLARDA GİRİŞİM

YÖNETİMİ

Baz istasyonu kurulumlarının sıklaşmasından dolayı kapsama alanı sınırlarına

yakın kullanıcıların performasları şiddetli girişim yüzünden düşmektedir. Girişim sin-

yalinin istatistiksel karakteristiği baz istasyonu kurulumlarının çoktürel olması ve dikey

olmayan çoklu erişim kullanılmasıyla karmaşıklaşmaktadır. Bu tezde, kullanıcı perfor-

mansının istatistiksel karakteristiklerini açığa çıkarmak için rastgele geometri analizi

yapılmaktadır. Kullanıcı tarafından algılanan girişim, farklı yayın gücü kapasiteler-

ine sahip komşu baz istasyonlarının sinyallerini ve dikey olmayan çoklu erişim kul-

lanılması durumda kullanıcının kendi baz istasyonunun da sinyalini içerir. Bu girişim

sinyali altında dikey olmayan çoklu erişim kullanan çoktürel ağlar için mutlak oranlı

frekans yeniden kullanımı ve yumuşak frekans yeniden kullanımı yöntemlerinin kapsama

olasılıkları türetilmiştir. Rastgele geometri anailizinin kapasite türetimleri kullanılarak,

mutlak oranlı frekans yeniden kullanımı ve boşa yakın alt-çerçeve yöntemleri için en-

erji verimliliğini en üst düzeye çıkaran parametre eniyileme problemleri modellenmiş

ve çözümleri sunulmuştur. Kıyı kullanıcılarının performansını arttırmak için dikey ol-

mayan ve dikey çoklu erişim yöntemlerinin beraber kullanıldığı bir melez çoklu erişim

yöntemi önerilmiş ve bu yöntemin performansı uzlaşımsal dikey olmayan çoklu erişim

yöntemi ile karşılaştırılmıştır. Yukarı yönlü dikey olmayan çoklu erişimde hücre içi

girişimin engellenmesi için, kullanıcı yayın gücü limitleri düşünülerek kullanıcı sinyal-

lerinin çözümlenme sırasının eniyilemesi problemi çözümüyle beraber sunulmuştur.
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1. INTRODUCTION

The cellular networks face increasing bandwidth demand by data-hungry appli-

cations in every succeeding generation. The 5th generation (5G) cellular networks had

around 660 million subscribers by the end of 2021 and are expected to have 4.4 billion

subscribers by 2027 [1]. The telecommunication industry adopts new technologies ever

so quickly to meet increasing demands. To meet the traffic requirements, the stan-

dards from 4G to 6G include improved multiple access techniques, while introducing

new wider bandwidth frequency bands [2]. Beside the advances on link level aspects,

the densification of cellular deployment is a significant solution to meet the high data

rate demand.

The densification is usually provided by the deployment of different tiers of base

stations (BS) in the so called heterogeneous network architecture. Heterogeneous net-

works include at least two tiers of BS’s; the ones with high transmit power are called

the macro tier, and the ones with lower transmit powers are called the micro, pico,

or femto tiers. While macro BS’s provide extensive coverage, micro, pico, or femto

BS’s provide higher bandwidth by the more frequent reuse of frequency band [3]. The

heterogeneous networks can be further divided to two types; open and closed access.

Mobile devices connect to the tier with the strongest received signal power in open ac-

cess, while they connect to only a pre-defined tier of BS’s in closed access. The closed

access networks, which are implemented by femto BS’s, are expected to be an impor-

tant use-case in 5G networks [4, 5]. However, the performance of the dense in-band

heterogeneous networks is limited by interference of the neighboring BS’s.

For the downlink, the user’s signal is affected by the signals of other BS’s which

are utilizing the same frequency band. The interference damages especially the perfor-

mance of the users, which are close to the boundary of the BS coverage. By heterogene-

ity of the network, the user experiences a superposition of interference from BS’s in

the same tier with serving BS (intra-tier interference) and interference from the BS’s
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of the other tiers (inter-tier interference). The severity of the inter-tier interference

changes by the access type of the network. In closed access networks, the users can be

located so close to the BS’s of other tiers. Therefore, the users of a closed access tier

experience severe inter-tier interference as they can get closer to interfering BS’s.

The requirement of high data rate increases the eligibility of alternative spectrum

access methods to conventional orthogonal multiple access (OMA). Non-orthogonal

multiple access (NOMA) technology is a promising alternative, which provides around

30% data-rate gain over conventional OMA [6]. To provide increased bandwidth, the

standardization efforts of both 4G and 5G networks include various downlink and

uplink NOMA deployment scenarios [7, 8]. For 6G and beyond, NOMA promises per-

formance advantage for multi-antenna scenarios [9], while channel estimation plays an

important role to achieve such performance gain. Fortunately, more advanced channel

models are recently studied [10,11] to assist further performance improvements for new

technologies such as NOMA.

Interference management gains great importance in terms of providing fair per-

formance to the distant users due to non-orthogonal signals of the users of the same

BS. By employing NOMA, a third kind of interference, called intra-cell interference, is

superposed on the user’s signal. The intra-cell interference is eliminated by successive

interference cancellation (SIC) technique for the users close to the BS [12]. However,

NOMA users experience the intra-cell interference in addition to the intra-tier and

inter-tier interference. Especially, the inter-tier interference by the macro BS’s severely

affects the edge user performance of pico or femto cells [13].

The densification of the BS deployment and employing SIC receiver promises

high data rate by causing higher energy consumption (EC) of the network. As a conse-

quence, the design of the wireless networks is required to include the energy efficiency

(EE) of the network as another design metric. According to [14], the average EC in

cellular BS’s can reach up to 60% of the network EC. The next-generation cellular net-

works boost denser deployments in order to fulfill the high throughput and low delay
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requirements. The densification of BS’s is considered to meet these requirements espe-

cially at the busiest hours of the day. However, such a dense deployment would create

a huge redundancy of the capacity at the off-peek times, where EE design becomes an

important issue.

Heterogeneity of the BS’s is provided for denser BS deployments. Even though

pico and femto BS’s have lower transmit power, frequent reuse of the same bandwidth

increases area energy consumption (AEC) by denser BS deployment. The increased

AEC causes the engineers to approach to wireless communication problems with EE

goal to reduce operating expense. Interference coordination is one such problem, where

the BS’s idle some of the bandwidth usage. The idle bandwidth decreases interference

to neighboring cell users, and also potentially decreases the EC. Instead of maximizing

the bit-rate related metrics alone, the maximization of EE provides more practical

results for both bit-rate and EC.

Beside downlink, NOMA promises efficiency for uplink use-cases. Uplink NOMA

is considered as a good candidate to serve massive number of devices simultaneously for

internet of things (IoT) applications in 6G [15]. The uplink performance of grant-based

and grant-free machine type communication is already investigated for feasibility in

3GPP standards [8]. Moreover, EC of the connected devices is another key performance

indicator (KPI) as most of IoT devices are battery powered. Ensuring lower EC for user

devices and less signaling overhead has paramount importance for IoT use-cases [16].

1.1. Related Background

1.1.1. Inter-cell Interference Coordination (ICIC)

A widely studied solution to the interference problem in the literature is inter-

cell interference coordination (ICIC) technique. ICIC techniques include modifications

in spectrum usage and transmit power by coordination among neighboring BS’s to

suppress interference. ICIC is generally used to increase the performance of the users,
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who experience severe interference due to their closer position to coverage boundaries.

ICIC solutions based on resource allocation (RA) and transmit power adjustment

promise short-term spectral efficiency and EE gains. In long term evolution (LTE)

networks, coordination of BS’s is achieved by a control interface called X2, which is

formed between neighboring BS’s. An example of distributed ICIC algorithm utilizing

X2 interface is proposed in [17], which is based on sharing information of interference-

vulnerable users between neighboring BS’s. A more advanced ICIC approach is given

in [18] where a throughput and user traffic demand based utility function is optimized

by dual decomposition.

A well-known approach for ICIC is the use of the fractional frequency reuse

(FFR), which is based on statically idling or transmitting with different power levels

in some part of the frequency band with a reuse factor [19]. In FFR-based methods,

the users are grouped as interior and edge users to provide differentiated service. The

outage probability and average rate of conventional ICIC schemes, strict FFR and soft

frequency reuse (SFR), are analyzed in [20] using the stochastic geometry approach. In

contrast to the wide usage of FFR, an alternative stochastic geometry analysis of ICIC

is presented in [21], which is based on the dominant interferer suppression. In [22],

the authors optimize the bandwidth assignment regarding the user traffic demands

under the aggregate interference derived by stochastic geometry. An FFR parameter

optimization problem is solved in [23] where the total capacity, worst region capacity

and EC are formulated for finite number of BS’s and solved by a generic Pareto opti-

mization algorithm. However, stochastic geometry based analysis provides capability

to optimize the parameters regarding the random behavior of channel and position of

interfering BS’s over infinite 2D plane.

The interference avoidance problem becomes more difficult with the inclusion of

the inter-tier interference. Stochastic geometry analysis for FFR-based techniques in

a heterogeneous network is presented in [24, 25], where the frequency reuse factor is

increased by the number of BS tiers. Large number of frequency reuse factor increases
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the idle part of the spectrum and reduces the overall sum-rate of the network. A

more specialized technique between macro and pico tiers is proposed as almost blank

sub-frames (ABS) which can be used in orthogonal frequency division multiple access

(OFDMA)-based as well as other multi-carrier systems. ABS is a time-based interfer-

ence coordination technique, where the BS’s of a tier do not transmit data signals on

pre-determined sub-frames, while the other tier schedules interference-vulnerable users

to that sub-frame. The sub-frames, which do not transmit data, are called almost

blank, since control and reference signals are still transmitted. In 3GPP standards,

two use-cases are introduced for open and closed access [26]. In the closed access use-

case, the femto BS uses ABS to decrease interference on macro user, which is positioned

close to the femto BS. In the open access use-case, the macro BS uses ABS to increase

performance of distant users of pico BS. These use-cases inevitably maintain their im-

portance, since the technologies such as 5G and its successors are still expected to use

heterogeneous networks [27].

In 4G networks, ABS is employed to avoid inter-tier interference as shown in [26].

A dynamically decision making power saving framework for ABS is presented in [28]

depending on the user traffic. A modified version of ABS is referred to low power

sub-frame (LPS), which is used to serve close users and to avoid interference to other

tiers [29]. Aggregate and per user spectral efficiency analysis of ABS and LPS are

presented in [30]. An extended coverage probability analysis of LPS is introduced

in [31], where the results indicate ABS superiority for optimal cell range extension

(CRE) bias. Another stochastic geometry analysis is presented in [32] where EE for

different CRE bias, BS density, and LPS power parameters are presented. Compared

to LPS, ABS does not transmit data for a group sub-frames, so a certain level of BS

EC is potentially saved as shown in [33].

Beyond the analysis, optimization modelling is an important task for ensuring ser-

vice quality of ABS technique. A joint optimization of RA and ABS ratio is presented

in [34] where a utility function comprised of macro and pico user bit-rate is maximized.

User association and ABS configuration are optimized for maximum EE and maximum
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throughput of the user with the worst service in [35, 36]. A more extensive optimiza-

tion problem that maximizes EE with respect to user association, ABS ratio, RA, and

macro power allocation is introduced and solved in [37] where the original non-convex

mixed integer problem is decomposed into 4 sub-problems. For LPS, numerical re-

sults of maximized EE by user grouping thresholds and sub-frame configuration are

presented in [38].

All referred works present theoretical analysis and parameter optimization prob-

lems distinctly for the wireless networks. Considering stochastic geometry and opti-

mization together, an optimization model is proposed in [39] for multi-antenna BS’s.

In this work, the optimal number of active users is derived as a ratio of number of

antennas. Both area spectral efficiency (ASE) and network EC are optimized for the

number of users, number of antennas, and BS density jointly. The minimum number

of macro ABS’s is derived to satisfy the service quality of the users with the worst

capacity in [40], where the capacity is derived for irregularly deployed BS’s by the

stochastic geometry under round-robin scheduler assumption. Consideration of irreg-

ular BS deployment promises more realistic solutions. A more practical parameter

optimization problem is proposed in [41], where the BS’s are irregularly distributed

and their locations are known prior to the optimization.

1.1.2. Non-Orthogonal Multiple Access (NOMA)

While dense deployment of heterogeneous networks provides better spectral ef-

ficiency by more frequent reuse of the frequency resource blocks (RB’s), the spectral

efficiency of the network can still be enhanced by the choice of multiple access tech-

nique. By the introduction of NOMA to heterogeneous networks, different kinds of

non-orthogonal signals can co-exist in the same spectrum bands due to further increase

spectral efficiency. As stated in [42], there are two alternative prominent NOMA types,

power-domain and code-domain. The system model of this thesis includes the power-

domain NOMA where the non-orthogonal signals of more than one user are transmitted

in the same RB by different power levels.



7

The superposition coding in NOMA provides opportunity for a more flexible RA

than conventional OMA. This flexibility allows the engineers to provide more sophisti-

cated approaches to general cellular network problems. While the design problems such

as RA, multiple input multiple output (MIMO), coordinated multi-point (CoMP), or

ICIC become more complex in NOMA, new design problems such as power allocation

and user pairing are introduced to the literature as shown in [43].

Power allocation and user pairing are important design aspects, which signifi-

cantly contribute to the performance of NOMA. The allocation problem with power

minimization objective is shown to be NP-hard in [44], where an algorithm is proposed

to solve the problem after relaxation. A closed-form solution of power allocation for

maximum sum-rate is given in [45] with respect to the quality of service (QoS) re-

quirements of the users. In addition to the maximization the sum-rate, fairness of user

capacities is another important criterion. A detailed evaluation of power allocation

for maximum sum-rate and fairness is presented in [46]. To illustrate the theoretical

limits of NOMA, a rule is introduced in [47] that defines the number of users to satisfy

minimum bit-rate requirements of users. Moreover, a MIMO system is proposed in [48]

where intra-cell interference is minimized by pre-equalization of the power levels. User

pairing is another important design problem that affects the performance vitally. The

optimal pairing for maximum sum-rate is shown to be pairing the nearest and the

furthest users together in [49]. However, the choice of pairing and power allocation

algorithms affects each other’s performance, so they are usually considered together,

as done in [50] for weighted sum-rate. With an optimization perspective, a power min-

imization and scheduling problem is formulated and solved in [51] for multi-band and

multi-user wireless environment.

Beyond the link level, system level analysis also has a significance to better evalu-

ate the characteristics of the NOMA wireless environment. An early work [52] presents

closed-form results for outage probability and ergodic capacity with channel approx-

imation for irregularly distributed users. Stochastic geometry analysis is presented

in [53] where both instantaneous and averaged signal to interference and noise ratio
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(SINR) based user ordering methods are covered and a feasible power allocation al-

gorithm is proposed. In [54], coverage probability and ergodic capacity is analyzed

under heterogeneous network interference. Another work provides the stochastic ge-

ometry analysis of a two tier network [55], which includes multi-antenna macro cells

and NOMA small cells. The authors of [56] address this power allocation problem and

propose a solution based on a cooperation scheme that meets the desired signal to

interference ratio (SIR). Moreover, different multi-cell downlink cooperation schemes

are proposed in [57] without providing extensive theoretical background. However, to

the best of our knowledge, the literature still lacks interference coordination schemes

suitable for NOMA networks. Energy and spectral efficiency of NOMA in heteroge-

neous networks are presented in [58], where the other design problems such as MIMO,

cognitive radio, device-to-device, cooperation, etc. are discussed for a NOMA system.

Another use case of NOMA is analyzed in [59], where the re-configurable intelligent

surfaces are shown to alter SIC demodulation order by improved user performance.

However, the system level performance is highly dependent on the power levels and the

pairing strategy as in the link level.

Inter-cell interference should be included to the signal model of NOMA for a

more realistic system level analysis. However, the inclusion of inter-cell interference

complicates NOMA design by improving the variety of interference types experienced

by the users. Some complicated design problems such as user clustering, BS selection

for silencing are discussed in [60]. By including inter-cell interference to the system

model, algorithms are proposed for distributed clustering/power allocation and cen-

tralized frequency allocation in [61]. A femto-cell network where the users are served

by NOMA on cognitive radio with guaranteed QoS definitions is presented in [62].

In this work, transmit power optimization problem to optimize femto-BS sum-rate is

proposed along with a pairing method. For interference mitigation, user selection and

pre-coding methods are proposed in [63], where intra-cell interference is eliminated

and inter-cell interference leakage suppressed. A earlier work [64] presents edge and

average user performance improvements by simulation of FFR method on a NOMA

network. Moreover, a stochastic geometry model which models interference suppres-
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sion as Bernolli random variable is presented in [65]. In this model, aerial/terrestrial

users, minimum distance or maximum SINR based user association, and directional

antennas are included to extend the analysis.

Even though NOMA provides better sum-rates with a more flexible spectrum

usage, the usage of NOMA and OMA together is also desirable to benefit from the

advantages of both spectrum access techniques. Hybrid use of NOMA and OMA

is discussed as a research challenge in [66], where the user pairs with high channel

state information (CSI) difference are considered as being suitable for NOMA. Users

are grouped as either NOMA or OMA users in the pairing phase in [67], where the

proposed algorithm adjusts pairing and modulation coding scheme (MCS) together.

Besides, the capability of users can be limited in a practical environment. In [68], a

practical algorithm is proposed for the optimization of user selection, power allocation,

and MCS where receivers of the users differ as OMA and NOMA with varying SIC

levels. However, inter-cell interference may be an important factor for the selection of

the multiple access scheme. In [69], the size of NOMA cluster is limited and edge users

are served by CoMP to increase their performance. A previously referred work [53]

also assumes edge users should be served with OMA and considers them out of its

scope. Therefore, the employment of OMA along with NOMA to increase the edge

user performance still requires a deeper examination.

For uplink NOMA, the spectrum efficiency relies on diversity gain in SIC receiver

of the BS. For most of the literature, the superposed uplink NOMA signals of users

are decoded by the order of their received powers [70]. However, this scheme is found

to be sub-optimal regarding user bit-rate demands [71]. Simply put, the firstly de-

coded signal suffers from interference of others and decoding low bit-rate user first may

be optimal on some instances. Therefore, the channel and bit-rate demand of users

affect the optimal decoding order together. In [71], a hybrid decoding order method

between channel and bit-rate demand based ordering schemes is introduced along with

explanatory discussion on the subject. If grant-based and grant-free users’ signals are

considered in the same RB, only one of them can have bit-rate requirement. In such
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scenario, decoding order is selected by a threshold, which is the function of grant-based

user’s channel, is proposed in [72]. This ordering method is further improved in [73] by

adjusting grant-free user’s power to reduce interference on grant-based user. For joint

optimization of transmit power and decoding order, a deep neural network algorithm

is proposed to maximize number of users with satisfied QoS requirement in [74]. Simi-

larly, decoding order is optimized under energy constraints in [75] by maximizing user

fairness. Another work for maximization of fairness is presented in [76] where the op-

timal solution is obtained by proposed algorithm. A closed-form solution is presented

for optimal decoding order in [77] by a simple rule including both user channels and

bit-rate demands.

1.1.3. Energy Efficiency

The literature contains a great variety of methods to increase the EE of cellular

networks, which are summarized in [78]. One common approach to reduce the EC

of the wireless network is adjust some of the cells to sleep mode when the network

is less active. A case study where femto BS’s are switching to fixed time sleeping in

user inactivity is presented in [79], where the results for actual wait duration for users

are shown. A stochastic geometry analysis for sleeping BS’s is presented in [80] for a

heterogeneous network, where macro BS power control is evaluated for compensation

of coverage holes due to sleeping lower tier BS’s. Beside sleep mode in calm hours,

power control and RA promises potential energy saving for a wireless network. With

this regard, a power saving optimization is presented by [81] for antenna adaptation,

power control, and discontinuous transmission.

Energy-aware design for heterogeneous networks is generally considered with two

metrics, spectral and energy efficiencies. Spectral efficiency measures the amount of

data traffic per unit of spectrum bandwidth, while EE measures the amount of data

traffic per unit of energy consumed by the network. The maximization of EE is usually

considered together with the spectral efficiency to evaluate actual service quality. One

such problem is modelled and solved in [22] for transmit power and RA first for a
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single BS and then generalized to multi-cell homogeneous networks with the help of

stochastic geometry. Compared to the single cell solution, the analysis of a multi-cell

environment is more practical as the interference effect is included. The BS deployment

density is also an important factor, which has a slight effect on EC and bit-rate.

In [82], Pareto optimal operational region of a heterogeneous network is presented by

deployment density for maximum spectral and EE. The analytical results indicate that

a low amount of degradation in spectral efficiency (around %4), achieves maximum EE.

An alternative approach for energy efficient design is the minimization of EC. In [83],

EC minimization of a heterogeneous network is studied with deployment density and

transmit power optimization parameters under coverage probability constraint. While

minimizing the EC, it is critical to employ a signal related constraint, such as the

coverage probability, to ensure QoS. Especially in heterogeneous networks, inter-tier

interference (included in [82, 83]) has vital effect on the received signal at the user.

A practical ICIC problem is presented for optimization of EE in [84], by adding the

number of dominant interferers as a new parameter into utility function. As the size of

dominant interferer set gets higher, more BS’s are silenced to decrease the interference

and less energy is consumed. Energy and spectral efficiency of FFR methods are

analyzed in [85] for the hexagonal BS deployment.

1.2. Research Motivation and Contributions

Heterogeneous networks maintain their importance from 4G to later generations,

because of their practical use [86]. Beside proposing solutions to engineering problems,

this thesis contains theoretical analysis for different heterogeneous wireless environ-

ments to reveal the feasibility of the commonly used solutions and the performance

trade-offs. However, theoretically modeling signals coming from different kinds of BS’s

is not a straight-forward task. To cope with this problem, theoretical results are derived

for randomly located BS’s and users by the help of stochastic geometry [87, 88]. All

of the numerical results in Chapters 3, 4, 5, and 7 are obtained by calculating mathe-

matical expressions, instead of Monte-Carlo simulations. In following sub-sections, the

motivations and the contributions are summarized for different topics.
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1.2.1. Energy Efficient ICIC

Conventional ICIC techniques include either idling or adjusting transmit power

for some part of the RB’s. These changes in spectrum usage results in changed EC

of BS’s. By the parameterized EC model of BS’s in [33], maximum transmit power

and RB usage percentage have affect on BS EC. Moreover, the densification of the

BS deployment increases EC of the network by increasing number of BS per unit

area. Hence, a system level analysis of a heterogeneous network, employing ICIC, is

required to indicate the potential bit-rate gains with the cost of network level EC. The

analysis is also beneficial to obtain plausible design parameters for ICIC. ICIC design

parameters are dependent on the network, whose every alternative deployment is taken

into account by stochastic geometry analysis. Therefore, stochastic geometry provides

suitable framework to obtain the optimal design parameters for a given BS densities

with regard of every instance of irregular deployments. In this thesis, we combine

stochastic geometry and maximization of EE objective by ICIC design parameters. For

energy efficient ICIC design, following contributions are presented in later chapters.

• For homogeneous networks of macro BS’s, a stochastic geometry based capacity

analysis and parameter optimization framework are presented in Chapter 3. The

analysis includes capacity derivations for single BS and the worst-region, where

the users experience the worst signal quality due to their distance to serving and

interfering BS’s. The capacity derivations utilize the coverage probability results

from [20]. Moreover, the EE constrained optimization problems are formulated

by using the capacity derivations. EC of BS’s are taken into account for EE

concern. Two parameter optimization problems are presented with the objectives

of maximizing base station capacity and minimizing EC. Beside providing the

optimal values to design parameters, the results indicate that optimally allocated

RB’s result into a more energy efficient network, compared to adjusting only the

transmit power.

• For heterogeneous networks, the literature on the suppression of inter-tier inter-

ference is mostly about analysis or optimization of ABS implementation on macro
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BS’s ([30–32,34–38,40,89]). However, 3GPP standards define use cases for ABS

implementation in both macro and pico BS’s [26]. Chapter 4 presents stochastic

geometry analysis for a two tier heterogeneous network where the potential energy

saving gains by macro and pico tier BS’s are indicated. The system model also

includes CRE bias to show its effect on the ABS implementation. By extending

the system model to both open and closed access, this chapter provides insight

on meeting service requirements of a worst-region user and AEC with comparison

between the access types.

• After the presentation of a stochastic geometry analysis for two tier heterogeneous

network, an optimization problem with maximization of the derived EE objective

is presented with the worst-region user capacity and AEC constraints in Chap-

ter 4. The derived EE objective includes ASE, which is based on ergodic capacity

derivations by stochastic geometry, and AEC, which includes BS power consump-

tion models and deployment densities. Unlike similar studies [22, 32, 35–37], this

optimization model includes actual BS EC model for more practical evaluation of

network operation expenditure. Moreover, randomly located BS assumption in

the derivation of ASE metric provides opportunity to use a more realistic model

as shown in [90].

• The numerical results in Chapter 4 indicate valuable insight on the heterogeneous

network with ABS. For certain system configuration and constraints, the results

provide design guidelines whether to utilize macro ABS, pico ABS, or no ABS for

a heterogeneous network. In general, the implementation of macro ABS provides

better EE, while the implementation of pico ABS provides more flexibility to

meet the worst-user constraints. Compared with the open access, satisfying the

constraints in closed access networks is observed to be more difficult, where macro

ABS has more vital impact on the performance. Moreover, the performance

of optimal ABS under different CRE bias is observed for macro and pico ABS

implementation. The results provide an intuition for CRE bias value choice,

where some values provide numerically optimal points.
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1.2.2. Interference Mitigation for NOMA

Employing NOMA in heterogeneous networks complicates the downlink inter-

ference model. The user signal is superposed with three types of distorting signals;

inter-tier, intra-tier, and intra-cell interference. The statistical behavior of these in-

terference signals is dependent on the channel conditions, the deployment positions,

access type of the network, multiple access method, and many other aspects. For an

extended modeling for these aspects, the performance of the user is analyzed with the

help of stochastic geometry. When an ICIC function is employed, statistical behavior

of interference also changes as some part of it is suppressed. Most of the existing work

in the literature [60–63, 65] either discusses the potential benefits of ICIC or covers it

with very simple model as an auxiliary functionality to their original objectives. One

early work [64] presents simulations for coexistence of FFR with NOMA. However, the

literature still lacks of detailed analysis of complicated interference model of NOMA

deployed heterogeneous network and the numerically obtained outcomes for already

discussed ICIC alternatives [60]. In this thesis, we present stochastic geometry analy-

sis for NOMA deployed heterogeneous network. The detailed contributions as analysis

and interference mitigation techniques for NOMA are listed below.

• A stochastic geometry based coverage analysis of NOMA and FFR coexistence is

presented in Chapter 5. The analysis include coexistence of NOMA with strict

FFR and SFR techniques in open and closed access heterogeneous network of

K tier of base stations. The purpose of strict FFR and SFR is to lower intra-

tier and inter-tier interference and provide a better service to the users who are

closer to the edges of the serving BS coverage. Our analysis results reveal that

FFR techniques provide certain level of coverage probability increase to edge

users of NOMA by improving their signal quality. Besides, NOMA with strict

FFR outperforms NOMA with SFR as the BS deployment density of the network

increases.

• A similar stochastic geometry analysis is also presented for a 2-tier heteroge-

neous network in 6 including open and closed access alternatives. Beside access
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type, the stochastic geometry analysis in Chapter 6 includes power level optimiza-

tion and user pairing for NOMA in order to present more realistic performance

comparison. Two power level optimization methods for the maximization of sum-

rate and fairness are presented. For power optimization, the literature offers a

variety of solutions, but few works include power level optimization along with

stochastic geometry analysis. In [56], power levels of users are optimized for max-

imum throughput using the stochastic geometry analysis outcomes. In contrast,

stochastic geometry based comparison of optimal sum-rate and fairness is pre-

sented together. For pairing part, two generic pairing methods are included from

literature; near-to-near (NN) [58] and near-to-far (NF) [49] pairing. A stochastic

geometry based comparison for these pairing methods is presented for user-specific

and system level performance values.

• A hybrid multiple access model, where NOMA and OMA serve in the same

spectrum band for interference mitigation, is presented in Chapter 6. In power-

domain NOMA, the distant users treat the paired near user’s signal as intra-cell

interference [43]. In the proposed hybrid model by serving edge users with OMA,

intra-cell interference is avoided in the edge user’s signal which results in a per-

formance improvement. The performance of the hybrid model is evaluated using

the stochastic geometry analysis tools. The analysis covers power optimization

and pairing for NOMA users to provide a fair comparison of hybrid usage to con-

ventional NOMA. The numerical results indicate that the hybrid model provides

good performance for BS sum-rate and edge user capacity together, while con-

ventional NOMA can achieve the best performance in only one of those metrics.

1.2.3. Uplink Decode Order Optimization

In uplink NOMA, intra-cell interference is the dominant interference among the

all of the interference types. As SIC receiver is deployed in BS, intra-cell interference is

experienced in only first decoded users’s signal in the sequence of decoding. Therefore,

the choice of the decoding order in BS also selects the user whose signal will be decoded

under intra-cell interference. The literature contains various works [71–75, 77], where
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the decoding order is selected by the received signal power and bit-rate requirements

of the users. However, the user devices are expected to vary in power capabilities in

a practical system. Among paired users, if the user with the worst channel power will

be firstly decoded under intra-cell interference, its transmit power should be above

a certain level to ensure its bit-rate demand. This contradicts with low EC KPI for

uplink NOMA in [16]. Therefore, decoding low channel power user first is feasible

under certain conditions of its bit-rate demand and power budget together.

• The relationship between decoding order and bit-rate and power constraints of

the users is investigated in Chapter 7. Firstly, a joint optimization problem of the

decoding order and transmit powers for users with different bit-rate demand and

power constraint is solved. Comparing to the existing work in the literature, dif-

ferent power capabilities of the devices are included in the optimization problem.

By the solution to this problem, thresholds on bit-rate and power constraints of

the user is derived for the feasibility of switching decoding order.

1.3. Organization of Dissertation

The rest of the dissertation is organized as mentioned in this section. Chapter 2

presents a preliminary system model including signal models, user grouping proba-

bilities, and EC model. Chapter 5 presents a stochastic geometry analysis for ho-

mogeneous network and energy efficient parameter optimization problems for FFR.

Similarly, Chapter 4 presents a stochastic geometry analysis for heterogeneous network

and energy efficient parameter optimization for ABS. In Chapter 5, coverage probabil-

ity of strict FFR and SFR is shown for NOMA-employed heterogeneous networks. In

Chapter 6, the performance of a proposed method, hybrid NOMA, is presented with

extensive analysis of NOMA including power levels optimization and pairing. Chap-

ter 7 shows a decode order optimization solution for uplink NOMA under user power

constraints. Finally, conclusions and future directions for the dissertation is presented

in Chapter 8.
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2. GENERAL SYSTEM MODEL

This thesis presents a variation of interference mitigation techniques under differ-

ent wireless environments. Before going into details of these techniques, this chapter

presents a generalized system model for interference types and their mathematical for-

mulations. Moreover, EC models for BS’s and user equipment are also presented as

reference to EE work of later chapters.

Most of the analytical work considers a heterogeneous network, where BS’s with

different coverage capacities are present. Figure 2.1 presents a wireless network con-

sists of two base-station tiers. The user whose performance is analyzed is referred as

typical user. In the illustrated topology, the typical user gets service from Pico BS. For

downlink, the typical user experiences three types of interference, intra-tier interference

from other pico BS’s, inter-tier interference from macro BS’s, and intra-cell interference

from its own service BS.

Pico Base Station

Macro Base Station

Serving Signal
Interfering Signal

Typical User

Figure 2.1. A topology of a 2-tier heterogeneous network.
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2.1. Downlink Signal Model

The downlink performance of the users is mathematically analyzed by the stochas-

tic geometry assumptions. These assumptions are required for mathematically model-

ing different types of interference. For the downlink analysis, the BS’s are assumed to

be randomly located as a Poisson point process (PPP) on an infinite 2D plane. The

density of BS deployments is parameterized as λt with the unit of 1/m2. The t index is

used for base-station tier, which takes values M and P for macro and pico tiers of 2-tier

wireless network or takes 1, 2, . . . , T values for T -tier wireless network. The typical

user is assumed to be located at the origin of the 2D plane. The analysis of the typical

user in this thesis is applicable to all users by Slivnyak’s theorem [88].

3 km

3
 k

m

Typical User

Macro BS

Pico BS

Figure 2.2. Voronoi diagram for a 2-tier heterogeneous network.
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Figure 2.2 presents an example Voronoi diagram to illustrate coverage areas of

randomly distributed BS’s of a 2-tier heterogeneous network. By the randomness of the

deployment, macro BS deployment can be so dense as in the north-east of the diagram

or can be so sparse as in the south-west of the diagram. The diagram also shows the

coverage in the sparse macro BS deployment regions are compensated with pico BS’s.

The typical user in the diagram gets service from the closest macro BS. This user is

subject to interference from other macro BS’s and all pico BS’s.

Under these assumptions, a generalized SINR definition experienced by the typ-

ical user is given as

Ψt =
Pthr

−α

σ2 + It|t +
∑

s∈I(t)
Is|t + INOMA

, (2.1)

where Ψt is the instantaneous received SINR of a user of BS tier t, Pt is transmit

power of tier t BS’s, h is small-scale channel power gain, r is the euclidean distance

between the user and serving BS, α is the pathloss exponent, and σ2 is the noise power.

The small-scale channel is assumed to be Rayleigh fading, because of its common use.

Therefore, the channel power gain, h, is exponentially distributed. The rate parameter

of h equals to 1. Moreover, the denominator of equation (2.1) contains the summation

of received powers of three different types of interference signals. The definitions of

different interference signals are presented in the following subsections.

2.1.1. Intra-tier Interference

Intra-tier interference is the superposition of the interfering signals coming from

the BS’s, which are in the same tier with the serving BS. The received power of intra-

tier interference is given as

It|t =
∑

ri>qt|t

Pthir
−α
i , (2.2)

where It|t is the total power of interference from tier t BS’s, qt|t is the minimum distance

between the typical user and the same tier interfering BS’s, Pt is the transmit power of
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interfering BS, hi is the small-scale channel power for i-th interfering BS, and ri is the

distance from i-th interfering BS to the typical user. hi is exponentially distributed,

similar to h.

Equation (2.2) presents the summation of infinite number of interferers, which

are distributed in 2D infinite plane with homogeneous PPP with the density of λt. The

typical user is assumed to be getting service from the closest BS among all randomly

distributed BS’s. The interfering BS’s of the same tier cannot be closer than the serving

BS. Therefore, the interfering BS’s are assumed to be randomly distributed outside a

disc, which is centered to the typical user and has radios of r. In other words, the

distance to interfering BS’s, ri, cannot be lower than the distance to serving BS, r.

In equation (2.2), the minimum distance, qt|t, takes value as qt|t = r for intra-tier

interference.

2.1.2. Inter-tier Interference

Inter-tier interference is the superposition of signal coming from the BS’s of other

tiers. The received power of inter-tier interference is given as

∑
s∈I(t)

Is|t =
∑
s∈I(t)

∑
ri>qs|t

Pshir
−α
i , (2.3)

where Is|t is the total power of interference from tier s to the user of tier t, I(t) is the

set of tiers interfering to tier t users, and qs|t is the minimum distance between a user

of tier t and interfering BS’s of tier s. In contrast to intra-tier interference, qs|t value

is determined regarding the method of BS tier selection by the user.

Equation (2.3) includes the summation of infinite number of interfering signals

per BS tier. For 2-tier heterogeneous network, the set of interfering tiers is defined as

I(P) = {M} or I(M) = {P}. For T -tier heterogeneous network, the set of interfering

tiers is defined as I(t) = {s|s ̸= t, s ∈ {1, 2, . . . , T}} where the interferer index s is an

integer different than t.
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Near UserFar User

INOMA

Figure 2.3. A BS serving two users with non-orthogonal signals.

2.1.3. Intra-cell Interference

Intra-cell interference is experienced by the user when NOMA is employed. In this

thesis, power domain NOMA is employed where the non-orthogonal signals of paired

users are scheduled to the same RB with different power levels. These paired users are

named as near and far users. In most of the cases, BS serves to far user with higher

transmit power, since its channel conditions are worse. SIC technique is employed in

the receivers of these users [12]. By employing SIC, near user first decodes far user’s

signal, and then decodes its own signal by subtracting decoded signal of far user from

the received signal. Far user treats near user’s signal as noise. This additional noise is

considered as intra-cell interference, INOMA, in this thesis. As illustrated in Figure 2.3,

only far user experiences the intra-cell interference.

The transmit powers for near and far users’ signals are formulated with anear

and afar power coefficients, where they have unit sum, anear + afar = 1. The intra-cell

interference experienced by far user is given as

INOMA = anearPthr
−α, (2.4)

which is the received power of near user’s signal by far user. Comparing to other inter-

ference types, intra-cell interference has the same channel and BS distance conditions

with serving signal.
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2.2. Uplink Signal Model

The source of uplink interference is caused by the other users, who transmits in

the same RB with the typical user. Similar to downlink model, intra-cell interference

is caused by other users of the same BS, intra-tier interference is caused by the users of

other BS’s of the same tier, and inter-tier interference is caused by the users of the BS’s

of other tiers. However, the interference coming from the users of other BS’s is not

affecting the uplink signal as much as downlink, since the users are only transmitting on

their own allocated RB’s [69]. With this regard, we include only intra-cell interference

in uplink signal model in this thesis.

For this thesis, the number of scheduled uplink users to the same RB is limited to

2. The receiver of the BS employs SIC technique for uplink. The firstly decoded signal

is subtracted from the received signal for decoding the other user’s signal. When the

signal of user i is decoded prior to the signal of user j, their respective received SINRs

in BS are given as

Φi�j
i =

pigi
σ2 + pjgj

, Φi�j
j =

pjgj
σ2

, (2.5)

where pi and pj are respective uplink transmit powers of user i and j, gi and gj are

respective uplink channel powers of i and j including pathloss and small-scale fading.

In equation (2.5), only first decoded user i experiences intra-cell experience, which is

in the denominator as pjgj. Therefore, the selection of the decode order changes the

user, who experiences the inter-cell interference.

2.3. Selection of Base Station Tier

Two types of access methods, which are open and closed access [26] are covered in

analysis. In open access, the user can connect to any BS tier depending on the received

power measurements. In the closed access, the serving tier is already pre-configured

for the user. In practice, open access environments include pico and micro cells, while

closed access environments include femto cells. For this thesis, BS tiers are referred by
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macro and pico for 2-tier network or by t index for T -tier network, regardless of tiers

being open or closed access.

In open access networks, the user measures the average reference signal received

powers (RSRP) from all the neighboring BS’s as shown in [91]. After the average

RSRP values are measured, the user compares and selects the best as serving BS. The

mathematical derivations in this section utilizes the formulation from [92]. Mathemat-

ical formulations are separately presented for T -tier and 2-tier networks in following

sub-sections.

2.3.1. T -tier Network

For the open access tier selection, the average RSRP of BS tier t, measured by

the user, is given as

Ptr
−α
t , (2.6)

where rt is the distance of the user to the closest BS of tier t. The user selects the

highest average RSRP after measuring all BS tiers. In [92], the probability of selecting

tier t is given as

pt =
λtP

2/α
t

T∑
s=1

λsP
2/α
s

(2.7)

for open access networks. For closed access networks, the tier selection probability

equals to 1 for pre-selected tier. For both access types, the probability density function

(PDF) of the distance to serving BS is given as

frt(r) =


2πλtr
Pr(t)

exp

(
−πr2

T∑
s=1

λs

(
Ps

Pt

)2/α)
, open access,

2πλtr exp (−λtπr
2) , closed access.

(2.8)
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The minimum distance of the user of tier t to interfering BS’s of tier s is given as

qs|t =


rt, t = s,(

Ps

Pt

) 1
α
rt, t ̸= s and open access,

0, t ̸= s and closed access.

(2.9)

As the closed access user selects always the same tier, the distance to interfering BS’s

of other tiers are not lower bounded. This property of closed access networks improves

severity of inter-tier interference, since interfering BS’s can located so close to the user.

2.3.2. 2-tier Network

Tier selection for 2-tier heterogeneous networks contains extra parameter of tier

selection bias, b and presented with a simpler formulation. By including b, the user

connects to one of the BS tiers with the following criteria

PMr
−α
M

Pico

≶
Macro

bPPr
−α
P , (2.10)

where PM and PP are respective transmit powers of macro and pico BS’s, rM and

rP are the distances to the closest macro and pico BS’s, respectively. b parameter

is introduced to tier selection method to enhance general system capacity by CRE

property in the pico cells.

By the randomness of rM and rP in equation (2.10), respective tier selection

probabilities of a user are given as

pM = λM

λM+λP zPM
,

pP = λP

λP+λMzMP
,

(2.11)

where zMP and zPM are tier coefficients depending on the access method [92]. These

coefficients are defined as

(zPM, zMP) =


((

bPP

PM

)2/α
,
(

PM

bPP

)2/α)
, open access,

(0, 0) , closed access.

(2.12)

As the BS’s are distributed according to homogeneous PPP, the PDF of the distance
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between the user and the serving BS is given as

fM(r) = 2πr (λM + λP zPM) e
−πr2(λM+λP zPM),

fP(r) = 2πr (λP + λMzMP) e
−πr2(λP+λMzMP)

(2.13)

for the macro and pico BS’s, respectively [92]. Therefore, the minimum distances of

pico interfering BS to macro user and macro interfering BS to pico user are given as

qP |M =
√
zMPrM ,

qM |P =
√
zPMrP .

(2.14)

2.4. Selection of Interior or Edge User Groups

In this thesis, all of the presented interference mitigation methods require user

grouping as interior and edge to differentiate the service of the users which are closer

to the edge of coverage boundaries. The grouping decision is made by the average

RSRP or SINR measurements to qualify the signal quality of the user. While grouping

decision by average RSRP is generally used for user grouping in practice [93], grouping

decision by SINR provides better performance [20]. In the following sub-section, the

grouping probabilities for two approaches are presented.

2.4.1. Decision by Reference Signal Received Power (RSRP)

As the serving BS obtains the average RSRP measurement of the user, the user

is decided to be interior or edge by a threshold comparison as

Ptr
−α
t

Edge

≶
Interior

γt, (2.15)

where γt is threshold to group tier t users as edge or interior. t index becomes M or P

for 2-tier network or takes an integer value for T -tier network.

For 2-tier network, the probability of getting service as an edge user can be

expressed as the tail probability of equation (2.13) depending on the criteria in equa-
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tion (2.15) and is given as

PE
M = e

−π
(

PM
γM

) 2
α
(λM+λP zPM)

,

PE
P = e

−π
(

PP
γP

) 2
α
(λP+λMzMP)

(2.16)

for macro and pico users, respectively. For t-tier network, the probability of getting

service as an edge user is derived by the tail probability of equation (2.8) as

PE
t =

 e
−π

T∑
s=1

λs

(
Ps
γt

)2/α
, open access,

e
−πλt

(
Pt
γt

)2/α
, closed access.

(2.17)

2.4.2. Decision by Signal to Interference and Noise Ratio (SINR)

For the SINR-based grouping decision, the measured received SINR of the user

is compared with threshold as

Ψt

Edge

≶
Interior

γt. (2.18)

Interference mitigation techniques suppresses interference components in equation (2.1),

so changes the SINR definition. The compared definition, Ψt, differs for different inter-

ference mitigation techniques. Hence, the edge user selection probability is given in a

generalized form as

PE
t = 1− Pr(Ψt > γt) = 1− κt(γt), (2.19)

where κt(·) is the coverage probability of tier t.

2.5. Selection of Non-Orthogonal Signal Power Level

When NOMA is employed, the users can be scheduled to the same RB’s with

different non-orthogonal signals. Considering the users served in the same RB, far

users are served with higher signal power level than near users (afar > anear). In this

thesis, two different approaches are employed for the selection of near and far users.
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2.5.1. RSRP-based

RSRP-based near/far user selection is similarly defined as RSRP-based inte-

rior/edge user grouping in Section 2.4.1. Measured average RSRP values is compared

with a threshold as

Ptr
−α
t

Far

≶
Near

φt, (2.20)

where φt is power level selection threshold for tier t. As the average RSRP is lower

than φt, the user is considered to be distant to the serving BS. The probability of

selecting a user as far user is given as

Pt =

 e
−π

T∑
s=1

λs

(
Ps
φt

)2/α
, open access,

e
−πλt

(
Pt
φt

)2/α
, closed access,

(2.21)

which is obtained similar to equation (2.17).

2.5.2. SINR-based

For SINR-based power level selection, the mathematical model is extended to

cover signal conditions of all users differently. The BS is assumed to be gathering all

received SINR measurements from the users. The users are ordered by their SINR

values. By this SINR order, the user with lower index has higher SINR measurement

(i < j ⇒ Ψi > Ψj). For each RB, the near and far users are selected by a pairing

method considering the SINR order of the users. The pairing methods are presented

by pairing sets, which is defined as

P(n) = {(i, j)|i, j ∈ {1, 2, . . . , n}} , (2.22)

where the argument n is the number of users. The pairing set, P(n), consists of n
2

integer pairs, where each pair represents scheduled near and far user to a RB. For an

example of n = 50 users, having pair (2, 49) in P(n) means that the users 2 and 49 are

scheduled to the same RB.
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2.6. Energy Consumption

Macro and pico BS EC amounts differ due to their coverage capabilities. A linear

EC model is adapted by the parameterized model in [33]. For simplicity, the adapted

model assumes that the BS’s transmit by single antenna with 10MHz bandwidth. For

the efficiency calculation of power amplifier of macro BS’s, the maximal output of

power amplifier is assumed as 80 Watts, while maximum transmit power is 40 Watts.

Based on these assumptions, hourly EC of a macro BS is given as

EC′
M = µconst

M + PM

(
µ∆P
M + µ∆N

M X
)
, (2.23)

where PM is the transmit power macro BS, X is active load ratio, and µconst
M , µ∆P

M , µ∆N
M

values are constants. The unit in equation (2.23) is Watt×h. The constants in this

model include power consumption of base-band processing, radio frequency small signal

transceiver, power amplifier gain, power loss of DC-DC converter, main supply, cooling,

and feeder cable. In this work, we neglect non-linearity of the power amplifier by taking

its gain constant for PM = 40, which causes very small deviation on EC values. For the

analysis on heterogeneous network, a more simplified model is employed. Simplified

EC models for macro and pico BS’s are respectively given as

ECM = µconst
M + µ∆

MPMX , (2.24)

ECP = µconst
P + µ∆

PPPX , (2.25)

where the maximum and minimum values of EC is ensured to be the same with equa-

tion (2.23). The values for constants and factors are presented in Table 2.1. The

analysis of heterogeneous networks includes a more general metric, which defines net-

work EC per unit environment area. This metric is called AEC and it is defined as

AEC = λMECM + λPECP (2.26)

with unit of Watt×h/m2.
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Table 2.1. BS EC model constants and factors.

Parameters µconst
M µconst

P µ∆
M µ∆P

M µ∆N
M µ∆

P

Values 55.8361 6.4205 8.6275 4.4275 4.200 15.4340

2.7. Conclusion

The generalized system model in this chapter includes preliminary definitions for

latter chapters. Each chapter contains its own system model section which is extension

from the SINR definitions in this chapter. Furthermore, tier selection and user grouping

related probabilities are introduced to be used in stochastic geometry analysis. Finally,

two alternative BS EC models are presented.
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3. ENERGY EFFICIENT FRACTIONAL FREQUENCY

REUSE

Conventional ICIC techniques improve edge user performance by idling RB’s or

adjusting transmit power of the signals serving to a group of users. These improve-

ments in the spectrum usage changes in EC of the BS. Design of ICIC techniques in EC

constraint potentially provide network level energy saving and decrease in operating

expenses. Strict FFR is commonly used ICIC technique, which includes idling some

part of the RB’s with a reuse factor to prevent interference to the edge users of neigh-

boring BS’s. In this chapter, we present derivations on macro BS and the worst region

capacity for strict FFR technique with the help of stochastic geometry techniques. By

utilizing these derivations, two optimization problems are presented to obtain the best

design parameters for strict FFR for different BS densities and EC constraints.

The rest of the chapter is organized as follows. The stochastic geometry model

and strict FFR method are presented in Section 3.1. Then, the capacity analysis is

presented in Section 3.2 and the parameter optimization problems are presented in

Section 3.3. The numerical results of optimized strict FFR system is presented in

Section 3.4 and conclusions are presented in Section 3.5.

3.1. System Model

3.1.1. Base Station Deployment

Each Macro BS location is assumed to follow independent and identical uniform

distribution on an infinite 2D plane. Therefore, the BS locations are distributed by

a homogeneous PPP, with macro BS density of λM (1/m2). The users are assumed

to be connected to the closest BS by the Euclidean distance. For all of the analysis,

the typical user is centered in the origin of 2D plane. All of the BS’s are randomly

deployed according to their PPP and the typical user is connected to the one that is
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closest to the origin.

The SINR of the typical user, used as the principal metric in the analytical

derivations, is given as

ΨM =
PMhr

−α

σ2 +
∑

ri>qM|M

PMhir
−α
i

, (3.1)

where r and ri are the distances of the serving and i-th interfering BS’s to the typical

user, h and hi are channel gain powers of the received signals of serving and i-th

interfering BS’s, qM|M is the minimum distance to interfering BS’s, PM is transmit power

of macro BS, α is pathloss exponent, and σ2 is the noise power. By homogeneous PPP,

there is only intra-tier interference, so qM|M equals to r as shown in Section 2.1.1. In

this model, all channel gains and distances are assumed to be random. The channels

of serving and interfering BS’s are assumed to be Rayleigh fading. Hence, the channel

gain powers, h and hi, are exponentially distributed where rate parameter equals to 1.

3.1.2. Fractional Frequency Reuse

FFR approaches are based on grouping the users as edge and interior. In this

chapter, the users are grouped by their SINR measurements as in Section 2.4.2 by

Ψ I
M

Interior

≷
Edge

γM, (3.2)

which is based on instantaneous SINR of an interior RB (Ψ I
M). We only consider Ψ I

M

for user grouping as the definition of ΨE
M differs for different FFR techniques. The

user grouping threshold, γM, is one of the important design parameters for all FFR

techniques. For discriminating the interior and edge user services, the available RB’s

are divided into groups depending on reuse factor ∆, as shown in Figure 3.1.

Strict FFR is widely used FFR technique that is based on frequency reuse for

edge users by suppressing some of the RB’s to increase edge performance. As presented

in Figure 3.1, the spectrum is divided into ∆ + 1 frequency groups. Beside the reuse
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Figure 3.1. Frequency assignment of strict FFR technique (∆ = 3).

factor ∆, a special design parameter of strict FFR is FI, which is the number of RB’s in

the interior frequency group |fI| = FI. For the edge users, frequency reuse is deployed

by ∆ groups (fj; 1, 2, . . . , ∆). Each edge frequency group is comprises |fj| = F−FI

∆
RB’s

where F is total number of RB’s. For frequency reuse of edge users, each BS has been

assigned to transmit at one of the fj RB sets for edge users. The SINR for interior and

edge users for strict FFR technique are

Ψ I
M = PMhr−α

σ2+
∑

ri>r
PMhir

−α
i

,

ΨE
M = PMhr−α

σ2+
∑

ri>r
PMhir

−α
i δi

,
(3.3)

where δi is a Bernoulli random variable which becomes 1 with probability 1/∆. δi

random variable indicates that i-th interfering BS uses the same edge frequency group

fj with the serving BS.

3.2. Capacity Analysis

3.2.1. Average Total Capacity

Average total capacity is defined as average capacity of a BS with regard of its

own coverage. This metric is also explained as the average capacity of a single user
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which is the only user getting service from BS. Therefore, the average total capacity is

defined as

CM.BS =

(
F− FI

∆

)
BRBS

E
M + FIBRBS

I
M, (3.4)

where

SE
M = E

[
ln(1 + ΨE

M)|Ψ I
M < γM

]
Pr
(
Ψ I
M < γM

)
,

SI
M = E

[
ln(1 + Ψ I

M)|Ψ I
M > γM

]
Pr
(
Ψ I
M > γM

)
.

(3.5)

As each user is either interior or edge, the average total capacity comprises to-

tal capacity of all attached edge and interior users of the BS. F−FI

∆
and FI are the

total number of RB’s that are assigned to edge and interior users, respectively. BRB

denotes the conversion factor for the capacity of 1 RB, such that BRB = log2(e) ×

[180× 103 Hertz] ∼= 259.7 × 103 for long-term evolution (LTE) networks. SE
M and SI

M

are the partial components of average total capacity for edge and interior users, re-

spectively. Both are defined as the multiplication of the conditional capacity and the

user grouping probability.

The capacity values is derived by making use of a relationship between expected

value and tail probability in this chapter. As defined in [94], expected value of non-

negative random variables can be obtained by its tail probability. Hence, the relation-

ship between coverage probability of Ψ and expected value of capacity is

E [ln (1 + Ψ)] =
∞∫
0

Pr(Ψ > et − 1)dt =
∞∫
0

Pr(Ψ>τ)
τ+1

dτ. (3.6)

By the help of relationship in equation (3.6), the edge capacity component of total

capacity becomes

SE
M

= E
[
ln
(
1 + ΨE

M

)
|Ψ I

M < γM
]
Pr
(
Ψ I
M < γM

)
(3.7)

=
∞∫
0

Pr(ΨE
M>τ |Ψ I

M<γM)
τ+1

dτP
(
Ψ I
M < γM

)
=

∞∫
0

Pr(ΨE
M>τ,Ψ I

M<γM)
τ+1

dτ
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=
∞∫
0

Pr(ΨE
M>τ)−Pr(ΨE

M>τ,Ψ I
M>γM)

τ+1
dτ ,

where the second line is obtained by inserting the relationship from equation (3.6)

and the third line is obtained by extending Pr
(
ΨE
M > τ |Ψ I

M < γM
)
with Bayes’ rule. By

inserting already defined coverage probabilities Pr
(
ΨE
M > τ

)
and Pr

(
ΨE
M > τ, Ψ I

M > γM
)

from [20], SE
M is obtained as

SE
M

= πλ
∞∫
0

∞∫
0

1
τ+1

e
−uα/2σ2τ

PM
−πλu(1+ 1

∆
ρ(τ))dudτ (3.8)

−πλ
∞∫
0

∞∫
0

1
τ+1

e
−uα/2σ2

PM
(τ+γM)−πλu(1+ 1

∆
ξ(τ,γM)+∆−1

∆
ρ1(γM))dudτ ,

where

ρx (y) =

∞∫
x

1

1 + vα/2

y

dv (3.9)

and

ξ (x, y) =

∞∫
1

[
1− 1

1 + xv−
α
2

1

1 + yv−
α
2

]
dv. (3.10)

By following similar steps, interior capacity part SI
M of CM.BS becomes

SI
M

= E
[
ln(1 + Ψ I

M)|Ψ I
M > γM

]
Pr
(
Ψ I
M > γM

)
(3.11)

=
∞∫
0

Pr(Ψ I
M>τ |Ψ I

M>γM)
τ+1

dτ Pr
(
Ψ I
M > γM

)
=

∞∫
0

Pr(Ψ I
M>τ,Ψ I

M>γM)
τ+1

dτ

=
∞∫
γM

Pr(Ψ I
M>τ)

τ+1
dτ +

γM∫
0

Pr(Ψ I
M>γM)
τ+1

dτ

=
∞∫
γM

Pr(Ψ I
M>τ)

τ+1
dτ + Pr

(
Ψ I
M > γM

)
ln (1 + γM) ,

where the third line is obtained by considering

Pr
(
Ψ I
M > τ, Ψ I

M > γM
)
= Pr

(
Ψ I
M > max {τ, γM}

)
relationship. By inserting already defined probability Pr

(
Ψ I
M > τ

)
from [20], SI

M is
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obtained as

SI
M

= πλ
∞∫
0

∞∫
0

1
τ+1

e
−uα/2σ2τ

PM
−πλu(1+ρ1(τ))dudτ (3.12)

+πλ
∞∫
γM

e
−uα/2σ2τ

PM
−πλu(1+ρ1(τ))du ln(1 + τ) ,

where ρ1(y) function is defined in equation (3.9).

3.2.2. Average Worst-Region Capacity

The maximization of the average total capacity alone provides high throughput

while causing the users close to the coverage boundaries to get poor service quality.

Therefore, the capacity analysis are extended with the coverage region that gets the

worst service quality. The worst quality region is defined by ΨM being below a threshold,

ωM. In this chapter, the users in the worst quality region are assumed to be only edge

users. By this assumption, ωM threshold should be chosen as γM > ωM > 0. Before

introducing ΨE
M and Ψ I

M, the average worst-region capacity of a macro BS is given as

CWorst
M

= E [ ln(1 + ΨM) |ΨM < ωM ] (3.13)

= 1
Pr(ΨM<ωM)

ωM∫
0

ln(1 + x)fΨM
(x)dx

= 1
Pr(ΨM<ωM)

ωM∫
0

ln(1+x)∫
0

fΨM
(x)dtdx

= 1
Pr(ΨM<ωM)

ln(1+ωM)∫
0

ωM∫
et−1

fΨM
(x)dxdt

= 1
Pr(ΨM<ωM)

ln(1+ωM)∫
0

[Pr (ΨM < ωM)− Pr (ΨM < et − 1)] dt

= ln(1 + ωM)− 1
Pr(ΨM<ωM)

ωM∫
0

Pr(ΨM<τ)
τ+1

dτ.

To introduce user grouping, the ΨM is considered to be covering both edge and interior

users by their grouping probabilities with γM threshold. Namely, the CDF of ΨM is

given as

Pr (ΨM < ωM) = Pr
(
Ψ I
M < ωM|Ψ I

M > γM
)
Pr
(
Ψ I
M > γM

)
(3.14)
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+Pr
(
ΨE
M < ωM|Ψ I

M < γM
)
Pr
(
Ψ I
M < γM

)
= Pr

(
ωM > Ψ I

M > γM
)
+ Pr

(
ΨE
M < ωM, Ψ

I
M < γM

)
= Pr

(
ΨE
M < ωM, Ψ

I
M < γM

)
,

where the last step is obtained by the assumption ωM < γM. By the assumption,

the replacement of Pr (ΨM < τ) with Pr
(
ΨE
M < ωM, Ψ

I
M < γM

)
in equation (3.13), the

average capacity of the users in worst ΨM region is given as

E [ln (1 + ΨM) |ΨM < ωM]
γM>ωM= ln (1 + ωM)− 1

Pr(ΨE
M<ωM,Ψ I

M<γM)

ωM∫
0

Pr(ΨE
M<τ,Ψ I

M<γM)
τ+1

dτ,

(3.15)

where Pr
(
ΨE
M < ωM, Ψ

I
M < γM

)
is numerically calculated by Bayes’ rule as

Pr
(
ΨE
M < ωM, Ψ

I
M < γM

)
= (3.16)

1− Pr
(
ΨE
M > ωM

)
− Pr

(
Ψ I
M > γM

)
+ Pr

(
ΨE
M > ωM, Ψ

I
M > γM

)
.

The definitions of Pr
(
ΨE
M > ωM

)
, Pr

(
Ψ I
M > γM

)
, Pr

(
ΨE
M > ωM, Ψ

I
M > γM

)
are present

in [20].

For the performance analysis, ωM parameter may be hard to define due to lack

of knowledge about the tail distribution of the ΨM. As an alternative, a worst region

probability pworst, is used to define a more consistent worst service quality region.

For further analysis, CWorst
M metric is always used with the worst-region probability

pworst. The pworst parameter is introduced to formulation by replacing ωM constant in

equation (3.15) with the inverse of the CDF of the ΨM, which is given as

FΨE
M,Ψ I

M
(τ)

γM>ωM= Pr
(
ΨE
M < τ, Ψ I

M < γM
)
. (3.17)

The inverse of FΨE
M,Ψ I

M
(τ) function may not have a close-form solution, but it is invertible

numerically due to its strictly monotone increasing behavior. The previously stated

assumption γM > ωM is updated to

Pr
(
Ψ I
M < γM

)
> Pr

(
Ψ I
M < ωM

)
= pworst. (3.18)

Therefore, for any pworst value smaller than Pr
(
Ψ I
M < γM

)
, the average capacity of the
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worst quality region is given as

CWorst
M = E

[
ln (1 + ΨM) |ΨM < F−1

ΨE
M,Ψ I

M
(pworst)

]
= ln

(
1 + F−1

ΨE
M,Ψ I

M
(pworst)

)
− 1

pworst

F−1

ΨE
M

,ΨI
M

(pworst)∫
0

F
ΨE
M

,ΨI
M
(τ)

τ+1
dτ.

(3.19)

3.3. Parameter Optimization

Regarding analytical results on the capacity by stochastic geometry, it is im-

perative to define a FFR parameter optimization problem that includes probabilistic

behavior of the environment. The general scope of the earlier works on FFR is to

provide fair performance to the users which are close to the cell boundary. Therefore,

an FFR parameter optimization problem has to include minimum capacity constraint

for the worst service quality region of the coverage.

Strict FFR has three important design parameters that have effect on capacity

and EC; number of interior users FI, user grouping threshold γM, and transmit power

PM. Considering these parameters, two different optimization problems are defined to

achieve EE. The first problem depends on the maximization of average total capacity

such that

max
FI,γM,PM

FIS
I
M + F−FI

∆
SE
M

(3.20a)

subject to ϵ3.1 ≤ F−FI

∆
BRBCWorst

M
(3.20b)

ϵ3.2 ≥ µconst
M + PM

(
µ∆P
M +

µ∆N
M

F

(
FI +

F−FI

∆

))
(3.20c)

F ≥ FI ≥ 0 (3.20d)

γM ≥ γmin (3.20e)

Pmax
M ≥ PM ≥ 0 , (3.20f)

where ϵ3.1 is the minimum average capacity of worst-region (bits/sec) and ϵ3.2 is max-

imum EC of one BS (Watt×h). Constraint (3.20b) is a condition on non-linear func-

tion, the worst-region capacity, and Constraint (3.20c) is based on the EC model in
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equation (2.23). While integrating EC model, the spectrum usage of Strict FFR,

1
F

(
FI +

F−FI

∆

)
, is inserted into X value. In this problem, parameter FI is assumed

to be continuous instead of discrete for simplification. Another simplification is done

by introducing a minimum value to γM as γmin. This minimum value is chosen as

γmin = ωM where pworst = P
(
Ψ I
M < ωM

)
.

The second parameter optimization problem of Strict FFR is an alteration of

Problem (3.20). Swapping the EC and average total capacity measures, the second

problem focuses on minimization of EC, while average total capacity is maintained

over a level such that

min
FI,γM,PM

PM

(
µ∆P
M +

µ∆N
M

F

(
FI +

F−FI

∆

))
(3.21a)

subject to ϵ3.1 ≤ F−FI

∆
BRBCWorst

M
(3.21b)

ϵ3.3 ≤ FIBRBS
I
M + F−FI

∆
BRBS

E
M

(3.21c)

F ≥ FI ≥ 0 (3.21d)

γM ≥ γmin (3.21e)

Pmax
M ≥ PM ≥ 0 , (3.21f)

where ϵ3.3 in this problem is minimum average total capacity (bits/sec).

3.4. Numerical Results

Most of the environment parameters of optimization are presented in Tables 2.1

and 3.1. Besides, for both problems, minimum average worst-case region capacity, ϵ3.1 is

chosen 50 kbits/sec and number of total RB’s, F, is chosen 50 (in LTE, F = 50 scenario

is valid in 10 MHz downlink bandwidth). For both of the problems, we have used the

non-linear constrained optimization problem solver in MATLAB. This solver makes

use of a pre-optimized combination of the trust-region and inner point methods [95].

Figure 3.2 shows the optimization results of Problem (3.20) for varying maxi-

mum EC limits and BS densities. The first Figure 3.2(a) presents comparison of the
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Figure 3.2. Numerical results for maximizing average total capacity by

Problem (3.20).
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Table 3.1. General parameters for numerical results.

Parameter Value

α 3

σ2 −100 dB

∆ 3

pworst 0.05

F 50

ϵ3.1 50 kbits/sec

optimal and constant FFR parameters, where all of the BS’s operate with fixed power

consumption, 150 Watt×h (γM = 0.2). The curves of the constant parameters have

interrupted where they cannot fulfill the worst-region constraint (ϵ3.1). Hence, the con-

stant design parameter curves cannot provide higher worst-region capacity than ϵ3.1 for

low BS densities. Moreover, average total capacity of the optimal parameters provides

the upper bound to other possible outcomes. In Figure 3.2(b), there are four curves

for four different BS densities. All of the curves converge as EC. From the analysis, FI

has direct linear relation to the total capacity. For lower values of EC, average total

capacity is maximized by increasing FI. From this relationship, we can conclude that

optimization of RB’s is more energy efficient than optimization of only transmit power

of BS.

The Figure 3.3(a) presents comparison of EC for non-optimal FFR parameters

and optimal FFR parameters by Problem (3.21). In the non-optimal curves, γM pa-

rameter equals to 0.2 and FI parameters are calculated as integer to get closest average

total capacity to 7 Mbit/sec. The EC of BS does not change drastically for different

BS densities, while the optimal curve forms a lower bound of EC. As Problems (3.20)

and (3.21) are optimized for the same environment parameter sets, FI value similarly

converges to the same level due to maintain worst-region average capacity constraint in

Figure 3.3(b). As the objective of Problem (3.21) is to minimize EC, it is likely to lower

FI to decrease active number of RB’s. Similar to the results of Problem (3.21), a joint
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optimizer of transmit power and RB’s firstly fulfills constraints with RB adjustments

(parameter FI), because it is more energy efficient.

3.5. Conclusion

In this chapter, we have considered on the stochastic geometry analysis and pa-

rameter optimization of one of the widely implemented methods; strict FFR. The

stochastic geometry analysis of average total capacity and worst-region capacity have

studied and two different parameter optimization problems are solved. The numerical

results indicate that increasing transmit power provide slight capacity increase with

high EC cost. However, well-optimized RB allocation promises decent capacity with-

out causing much EC. Therefore, the results of this chapter indicates significance of

RB allocation to provide EE.
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4. ENERGY EFFICIENT ALMOST BLANK SUB-FRAME

Inter-tier interference has significant effect on the performance of the users in

heterogeneous networks. Depending on the access type of the network, the BS’s of the

other tier can reside very close to the user and decrease the signal quality vitally. To

avoid this problem, ABS method is standardized by 3GPP [26]. In ABS, a BS does not

transmit data in certain sub-frames to decrease the interference to edge users of the

other tiers. This sub-frame is called as almost blank, as the control related signals are

still transmitted. When a BS deploys ABS, it’s EC is also reduced for a certain level.

Similar to the parameter optimization formulation in Chapter 3, the optimization of

number of ABS’s per BS tier with EE perspective promises network level energy saving.

In this chapter, an analysis, including ASE and the worst-region capacity, is presented.

By the derivations from this analysis, an optimization problem with EE objective for

choice of ABS’s per BS tier is modelled and a solving algorithm is proposed. The

proposed algorithm finds whether it is feasible or not to deploy ABS for a BS tier and

the optimal number of ABS’s by network level constraints.

In the rest of the chapter, SINR definitions for ABS-deployed 2-tier heterogeneous

network are presented in Section 4.1. ASE and the worst-region capacity models are

presented in Section 4.2. The parameter optimization problem and solver algorithm

are presented in Section 4.3. The numerical results are presented in Section 4.4 and

the conclusion for the chapter is presented in Section 4.5.

4.1. System Model

A heterogeneous network environment containing two tiers of BS’s, macro and

pico tiers, is considered. The users are select the BS tier by their RSRP measurements.

After the serving BS tier is selected, the serving BS groups the users as interior and

edge users depending on their average RSRP measurements. As macro and pico users

are further grouped into interior and edge categories, there are 4 different user types.
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Macro-Edge
User

Macro-Interior
UserPico-Edge

User

Pico-Interior
User

Macro interference to Pico-Interior User

Macro interference to Pico-Edge User

Pico interference to Macro-Interior User

Pico interference to Macro-Edge User

Figure 4.1. A network topology example for inter-tier interference.

The network topology with the specified user groups and inter-tier interference types

is shown in Figure 4.1. As the users are grouped differently, the interference coming

from the other tier is also illustrated differently (as straight and dashed lines). This

chapter presents ABS method to minimize the interference experienced by the edge

users, illustrated as dashed lines.

Before moving with the mathematical definitions and derivations, probabilistic

definitions for BS tier selection is as presented in Section 2.3.2, interior and edge user

grouping probabilities are as presented in Section 2.4.1, and the BS EC model is the

simplified model presented in Section 2.6 for this chapter.

4.1.1. Almost Blank Sub-Frame

ABS technique reduces the inter-tier interference by suppressing data transmis-

sion in certain sub-frames. Figure 4.2 shows the macro and pico cell frame structure,

where both tiers make use of the ABS’s. kM and kP are respectively defined as the
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Figure 4.2. K = 10 frame structure and sub-frame transmission powers (kM = 2 and

kP = 1).

numbers of ABS’s in macro and pico tiers. As only the control and the reference signals

are transmitted, ABS transmit power is reduced by a factor of η. Assuming that macro

and pico BS’s share their ABS occupation with each other, they schedule their edge

users to the sub-frames corresponding to the other tiers ABS’s.

We consider randomly located macro and pico BS’s on an unbounded 2D plane

with PPP having λM and λP (1/m2) densities, respectively, while the typical user is

assumed to be at the origin of the 2D plane. The analysis of the typical user in this

work is applicable to all users by Slivnyak’s theorem [88]. In this configuration, macro

BS’s utilize (K − kP − kM) of their sub-frames for interior user transmissions and kP

of their sub-frames for edge user transmissions. Hence, the SINR values of interior and

edge macro cell users are respectively given as

Ψ I
M =

PMhr
−α

σ2 + IM|M + IP|M
,

ΨE
M =

PMhr
−α

σ2 + IM|M + ηIP|M
,

(4.1)

where PM is the transmit power of the macro BS, h is the power gain of the small

scale channel, r is the distance between the serving BS and the user, α is the pathloss

exponent, σ2 is the noise power. The definitions of the power of small-scale fading (h),

intra-tier and inter-tier interference values (It|t, Is|t) are as defined in Section 2.1.
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For the pico cells, interior and edge users are scheduled to (K−kP −kM) interior

sub-frames, and kM edge sub-frames corresponding to macro ABS’s. Hence, the interior

and edge SINR definitions for pico users are respectively given as

Ψ I
P =

PPhr
−α

σ2 + IM|P + IP|P
,

ΨE
P =

PPhr
−α

σ2 + ηIM|P + IP|P
,

(4.2)

where PP is the pico BS transmit power.

4.2. Capacity Analysis

In this section, we briefly introduce the analysis for the ASE and the worst-

region capacity whose mathematical derivations are presented in Appendices A and B,

respectively.

4.2.1. Area Spectral Efficiency

The ASE is defined as the Shannon capacity per square meter. This quantity

comprises the total capacity of different types of BS’s in the wireless environment such

that

ASE = λM

(
CI

M.BS + CE
M.BS

)
+ λP

(
CI

P.BS + CE
P.BS

)
, (4.3)

where CI
M.BS and CE

M.BS are the respective total capacities of the interior and edge sub-

frames of a macro BS, and CI
P.BS and CE

P.BS are the respective total capacities of the

interior and edge sub-frames of a pico BS.

The edge users of macro BS gets service by kP sub-frames corresponding to the

pico BS ABS’s. The interior users of both tiers gets service by non-ABS (K−kP −kM)

sub-frames as shown in Figure 4.2. Hence, the respective total capacities of the interior

and edge sub-frames of a single macro BS are given as

CI
M.BS = BK−kP−kM

K
E
[
ln
(
1 + Ψ I

M

)]
(4.4)
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= BK−kP−kM
K

2π(λM+λP zPM)

1−e−π(PM/γM)2/α(λM+λP zPM)

·
∞∫
0

(PM/γM)1/α∫
0

r
τ+1

e
− rασ2τ

PM
−πr2

(
λM+λP zPM+λMρ1(τ)+λP ρzPM

(
Pτ
PM

))
drdτ,

CE
M.BS = B kP

K
E
[
ln
(
1 + ΨE

M

)]
(4.5)

= B kP
K

2π(λM+λP zPM)

e−π(PM/γM)2/α(λM+λP zPM)

·
∞∫
0

∞∫
(PM/γM)1/α

r
τ+1 e

− rασ2τ
PM

−πr2
(
λM+λP zPM+λMρ1(τ)+λP ρzPM

(
ηPPτ

PM

))
drdτ,

where B equals to B log2 (e), B is the bandwidth in Hertz, and ρx(y) function is defined

as equation (3.9).

The capacity of a pico BS is also interpreted as summation of the sub-frames

which serve to edge or interior users. The edge users of macro BS gets service by kP

sub-frames, while the interior users gets service by (K − kP − kM) sub-frames. The

total capacity values of pico BS’s are respectively given as

CI
P.BS = BK−kP−kM

K
E
[
ln
(
1 + Ψ I

P

)]
(4.6)

= BK−kP−kM
K

2π(λP+λMzMP)

1−e−π(PP/γP)
2/α(λP+λMzMP)

·
∞∫
0

(PP/γP)
1/α∫

0

r
τ+1

e
− rασ2τ

PP
−πr2

(
λP+λMzMP+λP ρ1(τ)+λMρzMP

(
PMτ

PP

))
drdτ,

CE
P.BS = B kM

K
E
[
ln
(
1 + ΨE

P

)]
(4.7)

= B kM
K

2π(λP+λMzMP)

e−π(PP/γP)
2/α(λP+λMzMP)

·
∞∫
0

∞∫
(PP/γP)

1/α

r
τ+1 e

− rασ2τ
PP

−πr2
(
λP+λMzMP+λP ρ1(τ)+λMρzMP

(
ηPMτ

PP

))
drdτ.

The detailed derivations for the analytical equations (4.4), (4.5), (4.6), and (4.7) are

presented in Appendix A.

4.2.2. The Worst-Region Capacity

In this chapter, the worst-region is an area where the users are further than a pre-

defined distance to the serving BS. The pre-defined distance may be different for the
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macro and pico cells; so we denote ωM and ωP as the respective distances for macro and

pico cells. We define ωM and ωP as the thresholds which has the same tail probability

for the PDFs of r in equation (2.13) such that

ωM =

√
− ln(pworst)

π
(
λM + λP zPM

) ,
ωP =

√
− ln(pworst)

π
(
λP + λMzMP

) ,
(4.8)

where pworst is the tail probability of the shortest distance between the serving BS and

the worst-region users.

The worst-region capacity definition changes by the existence of ABS. The worst-

region users are considered as the edge users as they get service from sub-frames corre-

sponding to ABS’s of the other tier. However, when there is no ABS, the worst-region

users gets service as the interior user. With this condition, the worst region capacities

of the macro and pico users are given as

CW
M.User =

 CE-W
M.User, kP > 0,

CI-W
M.User, kP = 0,

(4.9)

CW
P.User =

 CE-W
P.User, kM > 0,

CI-W
P.User, kM = 0,

(4.10)

where the respective capacities for the interior and the edge worst-region macro users

are given as

CI-W
M.User = E

[
BK−kM

K

ln(1+Ψ I
M)

NM

∣∣∣∣r > ωM

]
(4.11)

≈ BK−kM
K

2π(λM+λP zPM)2

λupworst

·
∞∫
0

∞∫
ωM

r
τ+1 e

− rασ2τ
PM

−πr2
(
λM+λP zPM+λMρ1(τ)+λP ρzPM

(
PPτ

PM

))
drdτ

CE-W
M.User = E

[
B kP

K

ln(1+ΨE
M)

NE
M

∣∣∣∣r > ωM

]
(4.12)

≈ B kP
K

2π(λM+λP zPM)2

λupworste
−π(PM/γM)2/α(λM+λP zPM)
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·
∞∫
0

∞∫
ωM

r
τ+1 e

− rασ2τ
PM

−πr2
(
λM+λP zPM+λMρ1(τ)+λP ρzPM

(
ηPPτ

PM

))
drdτ

and the respective capacities for the interior and the edge worst-region pico users are

given as

CI-W
P.User = E

[
BK−kP

K

ln(1+Ψ I
P)

NP

∣∣∣∣r > ωP

]
(4.13)

≈ BK−kP
K

2π(λP+λMzMP)
2

λupworst

·
∞∫
0

∞∫
ωP

r
τ+1 e

− rασ2τ
PP

−πr2
(
λP+λMzMP+λP ρ1(τ)+λMρzMP

(
PMτ

PP

))
drdτ

CE-W
P.User = E

[
B kM

K

ln(1+ΨE
P )

NE
P

∣∣∣∣r > ωP

]
(4.14)

≈ B kM
K

2π(λP+λMzMP)
2

λupworste
−π(PP/γP)

2/α(λP+λMzMP)

·
∞∫
0

∞∫
ωP

r
τ+1 e

− rασ2τ
PP

−πr2
(
λP+λMzMP+λP ρ1(τ)+λMρzMP

(
ηPMτ

PP

))
drdτ,

where NM and NP are the total number of users connected to macro and pico BS’s,

NE
M and NE

P are the number of edge users connected to macro and pico BS’s, and λu

defines density of users. When no ABS is employed in a tier (kP = 0 or kP = 0), all of

the users of the other tier becomes interior users as there is no remaining bandwidth

for edge (Figure 4.2). When the worst-region users are edge users, we assume that

γP ≥ PPω
−α
P for the pico worst-region users and γM ≥ PMω

−α
M for the macro worst-

region users. These assumptions are non-trivial as ωP and ωM are assumed to be large

enough to represent the worst performance.

The derivation of the worst-region capacities of macro and pico BS’s are presented

in Appendix B.

4.3. Optimization of Energy Efficiency

The number of ABS’s, kP and kM , affect both the capacity and the EC. With the

inclusion of the worst-region capacity and EC constraints, the optimization problem
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can be formulated as

max
kP ,kM ,γP,γM

EE = ASE
AEC

(4.15a)

subject to CW
M.User ≥ ϵ4.1 (4.15b)

CW
P.User ≥ ϵ4.1 (4.15c)

AEC ≤ ϵ4.2 (4.15d)

pmin
edge ≤ PE

M ≤ pmax
edge (4.15e)

pmin
edge ≤ PE

P ≤ pmax
edge (4.15f)

kP + km ≤ K (4.15g)

kP , kM , γP, γM ≥ 0, (4.15h)

where AEC is area energy consumption (Watt ×h/m2) as defined in equation (2.26),

ϵ4.1 (bps) represents a lower bound to the capacity of a worst-region user, ϵ4.2 (Watt

×h/m2) denotes an upper bound to the AEC to restrict the EC, PE
M and PE

P are edge

probabilities for macro and pico users defined in equation (2.16), and pmin
edge and pmax

edge

are the edge probability lower and upper bounds, respectively. The solution set for

the problem statement above includes No-ABS (kM = kP = 0), Only-macro ABS

(kM > 0, kP = 0), Only-Pico-ABS (kM = 0, kP > 0), Multi-Tier-ABS (kM > 0, kP >

0) conditions. Constraints (4.15b) and (4.15c) differ from each other as shown in

equations (4.9) and (4.10) based on the implementation of ABS.

To solve Problem (4.15), we first write the Lagrangian function with 12 multipliers

as

L = −EE + v4.1(ϵ4.1 − CW
M.User) + v4.2(ϵ4.1 − CW

P.User) + v4.3(AEC− ϵ4.2)

+v4.4(p
min
edge − PE

M) + v4.5(PE
M − pmax

edge)

+v4.6(p
min
edge − PE

P ) + v4.7(PE
P − pmax

edge)

+v4.8(kP + kM −K)− v4.9kP − v4.10kM − v4.11γP − v4.12γM. (4.16)

The optimality for this problem can be achieved by the Karush-Kuhn-Tucker (KKT)

conditions given in [96]. Instead of writing all conditions, we only focus on the equations
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related to γP and γM to provide a partial closed-form solution. By assuming kM > 0,

the derivative of L with respect to γP is given as

−dEE
dγP

− v4.2
dCE-W

P.User

dγP
+ (v4.7 − v4.6)

dPE
P

dγP
− v4.11 = 0 , (4.17)

where v4.2, v4.6, v4.7, and v4.11 are non-negative Lagrangian multipliers. It is shown in

Appendix C that the derivative, dEE
dγP

, is positive. By equations (4.14) and (2.16), it

is also straight-forward to prove that
dCE-W

P.User

dγP
is negative and

dPE
P

dγP
is positive. At least

one of the v4.2 and v4.7 should be positive in order to achieve equation (4.17). The

inequalities related to v4.2 and v4.7 can be written as

CE-W
P.User ≥ ϵ4.1, (4.18)

e
−π
(

PP
γP

)2/α
(λP+λMzMP) ≤ pmax

edge, (4.19)

where one of these inequalities should be an equality to satisfy the KKT conditions.

With this proposition, the optimal γP and, similarly, the optimal γM are obtained by

γ∗
P(kM) = PP

 π(λP+λMzMP)

− ln min

pmax
edge,

ϵ4.1

e
−π(PP

γP
)
2/α

(λP+λMzMP)CE-W
P.User




α/2

, (4.20)

γ∗
M(kP ) = PM

 π(λM+λP zPM)

− ln min

pmax
edge,

ϵ4.1

e
−π(PM

γM
)
2/α

(λM+λP zPM)
CE-W
M.User




α/2

. (4.21)

Different cases related to Constraints (4.15b) and (4.15c) are important due to

the feasible solution set definitions. ABS is used in macro BS’s, Constraint (4.15b) can

be reduced to

kM ≤ K

(
1− K − kM − kP

K

ϵ4.1
CI-W

M.User

)
if kP = 0, (4.22)

kP ≥
kP ϵ4.1p

min
edge

e
−π
(

PM
γM

)2/α
(λM+λP zPM)CE-W

M.User

if kP > 0. (4.23)
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Similarly, with the implementation of ABS in pico BS’s, Constraint (4.15c) becomes

kP ≤ K

(
1− K − kM − kP

K

ϵ4.1
CI-W

P.User

)
if kM = 0, (4.24)

kM ≥
kmϵ4.1p

max
edge

e
−π
(

PP
γP

)2/α
(λP+λMzMP)CE-W

P.User

nSmin
P.user if kM > 0. (4.25)

With all of these simplifications, we reduce the feasible set of the problem to 4

different sets as

S0 = { (kM , kP , γM, γP)|kM = kP = γM = γP = 0,

(4.22), (4.24), (4.15d) }, (4.26)

SM = { (kM , kP , γM, γP)|kP = γM = 0, γP = γ∗
P(kM), kM ∈ Z+,

(4.22), (4.25), (4.15d), (4.15g) }, (4.27)

SP = { (kM , kP , γM, γP)|kM = γP = 0, γM = γ∗
M(kP ), kP ∈ Z+,

(4.23), (4.24), (4.15d), (4.15g) }, (4.28)

SPM = { (kM , kP , γM, γP)|γM = γ∗
M(kP ), γP = γ∗

P(kM), (kM , kP ) ∈ Z+,

(4.23), (4.25), (4.15d), (4.15g) }, (4.29)

where S0 is for the No-ABS case, SM is for the Only-Macro-ABS case, SP is for the

Only-Pico-ABS case, and SMP is for the Multi-Tier-ABS case. In all of these solution

sets, γP and γM values are either constant or changing by discrete kP and kM values.

Hence, finding a solution to the problem becomes finding an optimal value in a bounded

2D or 1D space as shown in Algorithm 1. The same algorithm can be implemented for

the case where only Macro BS uses ABS by S0 ∪ SM or for the case where only Pico

BS uses ABS by S0 ∪ SP .

The complexity of Algorithm 1 depends on the size of the solution sets for com-

binations of kM and kP . When only one tier employs ABS, the solution is found with

a complexity of O (K) by a search in SM or SP . When both tiers employ ABS, the

complexity of the algorithm becomes O
(

K2

2

)
by SPM . The computation time of the

algorithm is considered to be reasonable since the typical choice of K is not so high.
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Algorithm 1 Algorithm for maximization of EE.

1: Initiate EEopt = kP,opt = kM,opt = γP,opt = γM,opt = 0

2: Get the feasible solution set S = S0 ∪ SP ∪ SM ∪ SMP

3: for each (kM , kP , γM, γP) ∈ S do

4: Calculate EE = ASE
AEC

5: if EE > EEopt then

6: Found a better solution.

7: Update EEopt, kP,opt, kM,opt, γP,opt, γM,opt

8: end if

9: end for

Table 4.1. General parameters for numerical results.

Parameters Values

Density of Macro BS, λM 2× 10−6 [BS/m2]

Density of Pico BS, λP 10−5 [BS/m2]

Density of users, λu 5× 10−4 [user/m2]

Transmit power, PM / PP 40 / 1 [Watts]

Edge prob. bounds, pmin
edge / pmax

edge 0.1 / 0.5

Edge prob. for const. th., pconstedge 0.25

Bias, b 4

Pathloss exponent, α 3

Noise power, σ2 10−6 [Watts]

ABS power factor, η 0.01

Bandwidth, B 10MHz

Num. of sub-frames in a frame, K 40

Tail prob. for the worst-region, pworst 0.05

The worst-region bit-rate constraint, ϵ4.1 103 [bps]

AEC constraint, ϵ4.2 10−3 [Watt×hour/m2]
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Figure 4.3. Feasible region for kM and kP for Multi-Tier-ABS case, SPM

(ϵ4.1 = 5× 103 bps, ϵ4.2 = 0.8× 10−3 Watt×hour/m2).

4.4. Numerical Results

In this section, we present numerical results where different ABS schemes are

compared with each other under a variety of parameter sets. Tables 2.1 and 4.1 shows

the general parameters of the environment used in the analysis. Any environment

parameter, which is not in the x-axis of the plots or is not exclusively stated differently,

is the same as the presented in Table 4.1. Among these parameters, the pconstedge parameter

is only used in the Optimal kM and kM = 4, kP = 0 curves for calculation of constant

γP and γM by equations in (2.16).

Figure 4.3 shows the Multi-Tier-ABS feasible region for kM and kP where both

of the tiers are assumed to have at least one ABS (kM > 0, kP > 0). The worst-region

bounds in the figure reveal how Constraints (4.15b) and (4.15c) make the feasible

region smaller in closed access networks, compared to open access. The summation

bound shows an upper limit provided by Constraint (4.15g). AEC bound by Con-
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Figure 4.4. Comparison of relative EE for changing BS density.
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straint (4.15d) is a lower bound whose slope is mostly affected by the densities of two

tiers and their power amplification gains. Macro BS power amplification consumes

more energy due to high transmit power (40 W). Therefore, the use of ABS for Macro

BS clearly saves more energy than Pico BS’s for the same environment parameters.

Figure 4.4 shows the comparison between different ABS schemes for open and

closed access. Relative EE metric is defined as the division of EE of given ABS scheme

by EE of No-ABS scheme as

Relative EE =
EE(ABS is employed)

EE(No ABS)
(4.30)

The x-axis (BS Density Ratio) is the division of varying Pico BS density values by

constant Macro BS density from Table 4.1. In these plots, kM = 4, kP = 0 curve is

drawn by all constant ABS parameters, while Optimal kM curve is drawn by optimally

selecting kM alone (similar to [40]). Optimal Only-Macro-ABS curve is drawn by opti-

mizing kM and γP together by S0 and SM solution sets. The big gap between Optimal

Only-Macro-ABS curve and Optimal kM curve in Figure 4.4(a) clearly shows that the

optimization of γP and kM together provides much better performance. Comparing to

the others, Optimal Only-Pico-ABS curve is decreasing with BS Density Ratio. High

pico BS density causes more pico ABS usage by Constraint (4.15b), so Optimal Only-

Pico-ABS curve BS sum-rate and EE decreases. Moreover, Optimal Multi-tier-ABS

curve provides the best performance in both plots. In closed access, inter-tier interfer-

ence gets stronger and satisfying the worst-region constraints become more difficult.

Under high pico BS density, Optimal Multi-Tier-ABS curve satisfies the pico worst-

region Constraint (4.15c) with non-zero Macro ABS (kM > 0), while satisfying the

macro worst-region requirement in Constraint (4.15b) with no pico ABS’s (kP = 0).

This behaviour causes Optimal Multi-Tier-ABS and Optimal Only-Macro-ABS curves

to overlap under high interference.

Figure 4.5 shows the number of ABS’s for several optimal ABS schemes from

Figure 4.4(a). The optimal kM and kP values from Figure 4.5 indicate the effects

of the worst-region and EC constraints distinctly. For the region where BS density
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Figure 4.5. Number of optimal ABS’s under different solution sets for open access.

ratio is lower than 6.5, the optimal kM and kP values are affected by the worst-region

Constraints (4.23) and (4.25). In all 3 optimization schemes, kM and kP becomes equal

to their lower bounds. However, higher values of BS density with large number of pico

BS’s cause EC to grow. As BS density surpasses 6.5, the kM and kP values should

be much higher to satisfy the EC requirement in Constraint (4.15d). Comparing kM

and kP of Optimal Muti-Tier-ABS, kP stays low while kM gets high to satisfy EC

requirement. The macro BS typically consumes more energy, so the EC requirement

can be met with lower kM , comparing to kP .

Figure 4.6 shows the ASE curves for varying AEC values. These plots are drawn

by changing the density of the pico BS deployment, which directly affects the EC, for

every adjacent point of the curves. Multi-Tier-ABS curves achieve the best spectral

efficiency. In the closed access plot, Multi-Tier-ABS curve overlaps with Only-Macro-

ABS similar to Figure 4.4(b). No-ABS curve of the closed access plot is shorter than

the others, as they cannot satisfy the constraints for lower AEC values. Optimal Only-

Pico-ABS curve also cannot cover the lower AEC values in closed access. Comparing

Optimal Only-Pico-ABS and No-ABS to other curves with macro ABS’s, we can con-
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Figure 4.6. Comparison of ASE of ABS schemes for EC variation.
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clude that the optimization of the number of macro ABS’s provides adaptability to

tighter EC constraints. The ASE values of lower AEC levels are similar in both closed

and open access, while open access curves provide better ASE for higher EC. This sim-

ilarity caused by low AEC region to provide lower inter-tier interference in lower AEC

region. In the low AEC region, the BS deployment is sparse and inter-tier interference

is low, so the performance of open and closed access deployments gets closer to each

other.

Figure 4.7 shows how EE diminishes as the average worst-region capacity con-

straint tightens. Relative EE metric (EE divided by EE of No-ABS case) is chosen as

y-axis for better comparison. The behavior of the curves for open and closed access

cases are pretty similar except the scale of x-axis. As the interference experienced by

the worst-region users is higher in closed access, the closed access curves diminish ear-

lier around ϵ4.1 = 1800 bps. For lower ϵ4.1 region, Optimal Multi-Tier-ABS scheme can

satisfy both macro and pico worst-region constraints with ABS’s (kM > 0, kP > 0), so

outperforms all other schemes. As ϵ4.1 gets higher, Optimal Multi-Tier-ABS scheme

cannot satisfy the macro worst-region constraints with pico ABS’s, and chooses kP = 0.

Hence, Optimal Multi-Tier-ABS and Optimal Only-Macro-ABS curves overlap. A

similar behavior is also observed in Optimal Only-Pico-ABS curve, which provides the

same performance with No-ABS scheme after a certain level of ϵ4.1 value. In the high-

est ϵ4.1 value of both open access and closed access curves, Optimal Multi-Tier-ABS

curve provides higher EE than the others due to its adaptability to tighter constraints.

After the highest ϵ4.1 values of the curves (12000 bps in open access and 1800 bps in

closed access), all of the presented schemes fail to satisfy the worst-region constraints.

Figure 4.8 shows the relative EE results for varying tier selection bias values and

the constant BS densities. Higher bias values cause the typical user to connect to the

pico BS’s more often than to the macro BS’s and consequently reduces the macro BS

coverage area. Smaller coverage area provides better signal quality to the macro users

and better spectral efficiency to the macro BS. Optimal Only-Pico-ABS scheme takes

advantage of the improved spectral efficiency of macro BS’s as it lets them use all the
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Figure 4.7. EE comparison under the worst-region capacity constraint variation.
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Figure 4.8. EE comparison under tier selection bias parameter variation.

bandwidth (kM = 0). Therefore, the relative EE of Optimal Only-Pico-ABS curve

increases with the bias. In contrast, macro ABS schemes cannot take advantage of the

increasing macro BS spectral efficiency, as they limit macro bandwidth usage (kM > 0).

For increasing bias, Optimal Only-Macro-ABS, Optimal kM , and kM = 4,kP = 0

schemes provide less ASE gain than No-ABS scheme, so their relative EE decreases.

The plot also reveals that Optimal Multi-Tier-ABS scheme outperforms the others as

it can take advantage of both low and high bias values.

4.5. Conclusion

In this chapter, stochastic geometry analysis of the spectral efficiency and worst-

region capacity is presented for a heterogeneous network where both macro and pico

BS’s employ the ABS technique. The analytical framework is used to formulate and

solve a constrained optimization problem that maximizes the EE. The numerical re-

sults indicate several implications on multi-tier ABS performance. Comparing macro

and pico ABS, the results reveal that the macro ABS implementation provides better

savings in network EC. Moreover, open and closed access options are compared for dif-
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ferent EC requirements. Effect of CRE bias on ABS implementation is presented, and

certain CRE bias values are observed to provide maximum EE for a certain wireless

environment parameters.
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5. FFR IN NOMA-BASED HETEROGENEOUS

NETWORKS

NOMA provides network capacity gain comparing to conventional OMA net-

works. However, the statistical behavior of the interference experienced by the users

becomes more complicated with the introduction of intra-cell interference. Conven-

tional ICIC techniques, strict FFR and SFR, are designed to reduce intra-tier inter-

ference and often extended to reduce inter-tier interference, but their performance on

intra-tier interference is not explored with detail through the literature. In this chap-

ter, we present a coverage probability analysis with the help of stochastic geometry for

strict FFR and SFR. The derivations are obtained for K-tier heterogeneous network

with open and closed access options.

In the rest of the chapter, the mathematical model for the NOMA-FFR coexis-

tence is presented in Section 5.1. Coverage probability analysis and the discussion of

power rule are presented in Section 5.2. Numerical results are presented in Section 5.3

and conclusion is presented in Section 5.4.

5.1. System Model

We consider a T -tier heterogeneous cellular network. BS’s of each tier are ran-

domly located on a 2D infinite plane by homogeneous PPP with BS density of λt

(1/m2) and transmit power of Pt, where t is index for BS tiers (t ∈ {1, 2, . . . , T}).

In the coexistence of NOMA and FFR, every RB can be assigned to two different

users. To take advantage of both techniques, every user is assigned to one of the three

groups in this chapter; “near”, “far-interior” and “far-edge”. The near users are served

with low power RB’s, which are available for the entire spectrum. Each near user

first demodulates the signal with stronger power, then demodulates its own signal with

weaker power by subtracting previously demodulated high power signal as presented in



64

NOMA – Strict FFRTransmit
Power

𝐹𝐼

interior edge-1 edge-2 edge-3

f

interior

f

f

NOMA - SFRTransmit
Power

edgeβ𝑡𝑎𝑡
𝑓𝑎𝑟

𝑃𝑡

𝑎𝑡
𝑓𝑎𝑟

𝑃𝑡

𝑎𝑡
𝑛𝑒𝑎𝑟𝑃𝑡

𝑎𝑡
𝑓𝑎𝑟

𝑃𝑡𝑎𝑡
𝑓𝑎𝑟

𝑃𝑡

𝑎𝑡
𝑛𝑒𝑎𝑟𝑃𝑡

Figure 5.1. RB organization for NOMA-FFR coexistence.

Section 2.1.3. Far-interior users are served with higher power, while far-edge users uses

the advantage of frequency reuse. The signal powers for near and far users of tier t are

multiplied with aneart and afart coefficients, whose summation equals to 1. Comparing

NOMA-FFR with original FFR, only difference for far-interior and far-edge users is

that they experience additional interference from low power signal of serving BS. In

this work, two main FFR techniques, strict FFR and SFR, are considered. Their

coexistence scenarios with NOMA are summarized in the following two subsections.

5.1.1. NOMA - Strict Fractional Frequency Reuse

Strict FFR aims to provide better service to the far-edge users by suppressing

some of the RB with a reuse factor ∆t. The coexistence scenario of NOMA and strict

FFR is shown in Figure 5.1. In this scenario, the low power signal is transmitted

through all of the available frequency RB’s with transmit power aneart Pt for the t-th

tier. Moreover, the first FI RB’s are also used by the overlapping signal for the far-

interior users with higher transmit power, afart Pt. The remaining (F − FI) RB’s are

divided into T groups and shared among the tiers. As presented in Figure 5.1, each

tier t has its edge frequency resource group called as edge-s, which is further divided

for intra-tier frequency reuse ∆t (∆1 = 3 in the figure). Every BS in tier t transmits

its reference signal with the transmit power of Pt that is used for user grouping. The
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relationship between downlink transmit powers is given by

Pt = aneart Pt + afart Pt. (5.1)

As there are more than one alternative to the downlink transmit powers, there

exists different alternative SINR definitions. For near users, there are two different

SINR definitions depending on the served frequency band in Figure 5.1. SINR values

for tier t near users served in interior and edge-s frequency parts are respectively written

as

ΨN-I
t =

aneart Pthr
−α

σ2 + IsFFR-I
t

,

ΨN-E
t,s =

aneart Pthr
−α

σ2 + IsFFR-E
t,s

,

(5.2)

where IsFFR-I
t and IsFFR-E

t,s are interference experienced by tier t users under strict FFR

in interior and edge-s frequency parts, h is the power of the fading channel gain of

serving signal, r is distance to the serving BS, σ2 is the noise power, α is the pathloss

exponent. The interference components of strict FFR are defined as

IsFFR-I
t =

T∑
j=1

∑
ri>qj|t

Pjhir
−α
i ,

IsFFR-E
t,s =

∑
ri>qs|t

δi,sa
far
s Pshir

−α
i +

T∑
j=1

∑
ri>qj|t

anearj Pjhir
−α
i ,

(5.3)

where qx|y is the minimum distance of tier x interferers to the typical user of tier y as

defined in equation (2.9), δi,s is binary reuse random variable which becomes 1 when

i-th interferer uses the same frequency with 1/∆s probability, hi is the power of the

fading channel, and ri is the distances to i-th interfering BS’s of tier-j. The channel

is considered to be Rayleigh fading for this chapter, so h and hi random variables are

exponentially distributed. Each of IsFFR-I
t and IsFFR-E

t,s consists of intra-tier and inter-

tier interference values (Sections 2.1.1 and 2.1.2). While IsFFR-I
t includes all transmitted

signals from all tiers, IsFFR-E
t,s includes near user signals from all tiers and far user signals

only from its own tier with a reuse factor.
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The SINR values for tier t far-interior and far-edge users are given as

ΨF-I
t =

afart hr−α

σ2 + aneart hr−α + IsFFR-I
t

,

ΨF-E
t =

afart hr−α

σ2 + aneart hr−α + IsFFR-E
t,t

,

(5.4)

where the transmit power is multiplied with power multiplier of far users, afart , and intra-

cell interference term aneart hr−α included in denominator (Section 2.1.3), comparing to

near user SINR definitions in equation (5.2).

5.1.2. NOMA - Soft Frequency Reuse

In contrast to Strict FFR, SFR focuses on frequency reuse while all of the RB’s

are actively allocated to the near and far users. The downlink service quality of the

far-edge users is enhanced by using higher transmit power, multiplied with SFR power

factor, βt, as shown in Figure 5.1. Similar to its general use, each BS tier makes intra-

tier frequency reuse of far-edge user RB’s, and there is no RB group that is dedicated

for a tier. In other words, BS’s of each tier can transmit with higher power, βta
far
t Pt,

in any RB. Namely, the respective transmit powers of near, far-interior, and far-edge

users are given as aneart Pt, a
far
t Pt, and βta

far
t Pt, where aneart + afart = 1 and βk ≥ 1. In

contrast to strict FFR, all of the user types served by SFR experiences the same type

of interference. The SINR definition of near users served by SFR are given as

ΨN
t =

aneart Pthr
−α

σ2 + ISFRt

, (5.5)

where

ISFRt =
T∑

j=1

∑
ri>qj|t

(
anearj Pj + (1− δi,j)a

far
j Pj + δi,jβja

far
j Pj

)
hir

−α
i , (5.6)

which comprises intra-tier and inter-tier interference from serving signals of all of user

types. Moreover, the SINR definitions of far-interior and far-edge users are given as

ΨF-I
t =

afart Pthr
−α

σ2 + aneart Pthr−α + ISFRt

,

ΨF-E
t =

βta
far
t Pthr

−α

σ2 + aneart Pthr−α + ISFRt

,

(5.7)
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where the transmit powers are different and the denominator contains intra-cell in-

terference aneart Pthr
−α as defined in Section 2.1.3, comparing to near user SINR in

equation (5.5).

5.2. Coverage Probability Analysis

The coverage probability analysis requires probability definitions for BS tier se-

lection, interior or edge group selection, and power level selection. For this chapter,

all of these selections are made based on average RSRP measurement of the user. The

user is grouped by its RSRP measurement as

User group =


Near if Ptr

−α > φt,

Far-interior if φt > Ptr
−α > γt,

Far-edge if γt > Ptr
−α,

(5.8)

where φt is the power level selection threshold for tier t, γt is interior/edge group

selection threshold for tier t. These thresholds are always selected as φt > γt.

The coverage probability of NOMA-FFR coexistence comprises all different kinds

of SINR cases from Section 5.1. Taking all these cases into account, the downlink

coverage probability of a user can be written as

κ(τ) =
T∑
t=1

pt
[
(1−Pt)κ

N
t (τ) +

(
Pt − PE

t

)
κF-I
t (τ) + PE

t κ
F-E
t (τ)

]
, (5.9)

where κN
t (·), κF-I

t (·), and κF-E
t (·) are respective coverage probabilities of near, far-

interior, and far-edge users for tier t. pt is the probability of the user to select tier

t, as defined in equation (2.7). Pt and PE
t are respective probabilities to select the tier

t users as far and edge as defined in equations (2.21) and (2.17).

κN
t (·), κF-I

t (·), and κF-E
t (·) are case-specific coverage probabilities and they differ

depending on the FFR technique. All of the analytical expressions in this section are

valid for both open and closed access by inserting appropriate frt(r) from equation (2.8)

and qx|y from equation (2.9).
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5.2.1. Strict Fractional Frequency Reuse

The case-specific coverage probability values of far-interior and far-edge users

are similar to the only strict FFR case in [24] with the addition of near user’s low

power signal. The derivations of the analytical results in this section are presented in

Appendix D. As shown in Figure 5.1, near users can get service from interior or edge-s

frequency band parts. The user gets service from any RB, so the probability of getting

service from interior part of frequency band is FI

F
and the probability of getting service

from edge-s part of frequency band is
(
1− FI

F

)
. Therefore, the coverage probability of

near users of the t-th tier BS, employing strict FFR and NOMA, is given as

κN
t (τ) = FI

F
Pr
(
ΨN-I
t > τ, ΨF-I

t > T
)
+
(
1− FI

F

)
Pr
(
ΨN-E
t > τ, ΨF-E

t > T
)
(5.10)

=
(Pt/φt)1/α∫

0

exp
(
− τrασ2

aneart Pt

) [
FI

F
LIsFFR-I

t

(
τrα

aneart Pt

)
+
(
1− FI

F

) T∑
j=1

1
T
LIsFFR-E

t,j

(
τrα

aneart Pt

) ]
frt (r)

1−Pt
dr ,

where Laplace transform of interior frequency band interference, LIsFFR-I
t

(·), and Laplace

transform of edge-s frequency band interference, LIsFFR-E
t,s

(·), are respectively given as

LIsFFR-I
t

(x) = exp

{
−2π

T∑
j=1

λj

∞∫
qj|t

u

1+ uα

x(anear
j

Pj+afar
j

Pj)

du

}
(5.11)

and

LIsFFR-E
t,s

(x) = exp

{
− 2π

(
λs

∆s

∞∫
qs|t

u

1+ uα

s(anears Ps+afars Ps)

du (5.12)

+λs
∆s−1
∆s

∞∫
qs|t

u

1+ uα

xanears Ps

du+
T∑

j = 1

j ̸= s

λj

∞∫
qj|t

u

1+ uα

xanear
j

Pj

du

)}
.

T is threshold in near user to be able to decode far users signal for SIC implementation.

Similarly, the coverage probabilities of far-interior and far-edge users of the t-th tier

BS, employing strict FFR and NOMA, are respectively given as

κF-I
t (τ) = Pr

(
ΨF-I
t > τ

)
(5.13)
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=
(Pt/γt)1/α∫
(Pt/φt)1/α

exp
(
− τrασ2

afart Pt−τaneart Pt

)
LIsFFR-I

t

(
τrα

afart Pt−τaneart Pt

)
frt (r)

Pt−PE
t
dr,

κF-E
t (τ) = Pr

(
ΨF-E
t > τ

)
(5.14)

=
∞∫

(Pt/γt)1/α

exp
(
− τrασ2

afart Pt−τaneart Pt

)
LIsFFR-E

t,t

(
τrα

afart Pt−τaneart Pt

)
frt (r)

PE
t

dr.

5.2.2. Soft Frequency Reuse

For the SFR case, the interference model is the same for both the edge and interior

RB’s as given in Section 5.1.2. Hence, the coverage analysis of all groups include the

same LT of interference. The derivations of the analytical results in this section are

presented in Appendix E. Therefore, the coverage probabilities of near, far-interior,

and far-edge users of the t-th tier BS, employing SFR and NOMA, are respectively

given as

κN
t (τ) =

(Pt/φt)1/α∫
0

exp
(
− τrασ2

aneart Pt

)
LISFR

t

(
τrα

aneart Pt

)
frt(r)
1−Pt

dr, (5.15)

κF-I
t (τ) =

(Pt/γt)1/α∫
(Pt/φt)1/α

exp
(
− τrασ2

afart Pt−τaneart Pt

)
LISFR

t

(
τrα

afart Pt−τaneart Pt

)
frt (r)

Pt−PE
t
dr, (5.16)

κF-E
t (τ) =

∞∫
(Pt/γt)1/α

exp
(
− τrασ2

βtafart Pt−τaneart Pt

)
LISFR

t

(
τrα

βtafart Pt−τaneart Pt

)
frt (r)

PE
t

dr, (5.17)

where LT of SFR interference, LISFR
t

(·), is given as

LISFR
t

(x) = exp

{
−2π

T∑
j=1

λj

(
1
∆j

∞∫
qj|t

u

1+ uα

x(anear
j

Pj+βja
far
j

Pj)

du (5.18)

+
∆j−1

∆j

∞∫
qj|t

u

1+ uα

x(anear
j

Pj+afar
j

Pj)

du

)}
.

5.3. Numerical Results

For the numerical results, a heterogeneous cellular network with 2 BS tiers is

considered (T = 2). The transmit powers of tier-1 and tier-2 BS’s are P1 = 10W and
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Figure 5.2. Coverage probabilities of near, far-interior, and far-edge users in open

access.

P2 = 1W. The power factors for both tiers are aneart = 0.2, afart = 0.8, and βt = 0.5.

The BS density of tier-1 is 10−6 1/m2, while tier 2 BS density varies in the x axis of the

analysis figures. Besides, noise power is assumed to be σ2 = 10−7W, pathloss exponent

is α = 3, reuse factor is ∆t = 3, both of coverage thresholds are τ = T = 0.1, the

number of interior and total RB’s are FI = 32 and F = 50, respectively. User grouping

thresholds, φt and γt, are selected by ensuringPt = 0.5 for all cases, PE
t = 0.5(1−FI/F)

for Strict FFR, and PE
t = 0.5/∆t for SFR.

Figure 5.2 shows a detailed comparison of coverage probabilities of near, far-

interior, and far-edge users. For the open access, the coverage increase and converge

to a level by the increased density of BS’s. The convergence is obtained by the bal-

ance between increased interference and received power by high BS densities. Strict

FFR/NOMA coexistence outperforms SFR/NOMA due to its suppression of interfer-

ence.
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Figure 5.3. Coverage probability for strict FFR in open access NOMA network.

Figures 5.3 and 5.4 present coverage probabilities of different coexistence cases

of NOMA with Strict FFR or SFR. The NOMA-Strict FFR and NOMA-SFR cases

present all of user types. For the other cases, NOMA-Standard Reuse case only includes

near and far-edge users, Only Strict FFR and Only SFR cases present original FFR

without low power signal of near users, and Only NOMA case neglects any frequency

reuse. One obvious fact is that coverage probability is better in Only Strict FFR and

Only SFR cases, because this cases employ standard FFR without extra interference

low power signal. Only NOMA case which represents NOMA scheme without edge

frequency reuse, has poor performance due to the lack of inter-cell interference man-

agement. Comparing NOMA-Standard Reuse and NOMA-Strict FFR cases with Only

NOMA case, we conclude that the coexistence of NOMA and FFR has potential cover-

age gains in denser networks of Strict FFR. However, NOMA-SFR coexistence provides

poor coverage performance for denser networks, while it provides a performance peak

for a BS density level. Both closed and open access NOMA-SFR results are observed
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Figure 5.4. Coverage probability for SFR in NOMA network.
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to follow the same poor performance for denser networks, while their spectral efficiency

is expected to provide satisfactory performance due to full spectrum usage.

5.4. Conclusion

This chapter presents an extensive analysis of coexistence of NOMA with strict

FFR and SFR techniques. Strict FFR and SFR techniques are modelled regarding

avoidance of interference from K-tier heterogeneous network. The derivations of cov-

erage probability are presented by including every frequency part of the spectrum. The

numerical results reveal potential performance gain in denser heterogeneous networks.
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6. COEXISTENCE OF NOMA AND OMA FOR

INTERFERENCE MITIGATION

NOMA promises network capacity gain, while complicating experienced interfer-

ence with the addition of intra-cell interference. The performance gain by conventional

ICIC techniques in NOMA network is presented in Chapter 5. However, the perfor-

mance of NOMA depends on a variety of different design parameters comparing to

OMA. In NOMA, the optimization of power levels and pairing promise sum-rate or

fairness gains, so can be used to improve edge user performance. On the other hand,

serving only the edge users with OMA also provides potential edge user performance

improvement as the intra-cell interference gets suppressed. In this chapter, we present

a capacity analysis for NOMA-based heterogeneous networks. The capacity analysis in

this chapter includes power level optimization and user pairing to provide more realistic

results. A hybrid multiple access method, where interior users are served with NOMA

and edge users are served with OMA, is proposed and compared with only OMA and

only NOMA cases with power level optimization and pairing for a fair and extensive

comparison.

In the rest of the chapter, SINR definitions are presented in Section 6.1. Capacity

analysis of OMA, NOMA, and hybrid model is presented in Section 6.2, along with

the pairing and power optimization methods. The numerical results are presented in

Section 6.3 and the conclusion is presented in Section 6.4.

6.1. System Model

The analysis environment is considered as a 2-tier heterogeneous network with

macro and pico (or femto) tiers (see Figure 6.1). The BS’s of macro and pico tiers

are randomly located as a PPP on an infinite 2D plane with respective deployment

densities of λM and λP . In this work, the analysis will be limited to the pico-tier

BS’s, but it is straight-forward to obtain analysis for macro-tier by following the same
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Figure 6.1. Topology of the heterogeneous network.
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Figure 6.2. Hybrid model, NOMA and OMA serves in the same frequency spectrum.

methodology. Pico users are further grouped as interior and edge users, whose services

differ depending on the spectrum usage strategy.

Three different spectrum usage strategies are considered; OMA, NOMA, and

hybrid model. When conventional OMA or NOMA is deployed, all of the spectrum is

utilized with the same spectrum access strategy to serve all kinds of users. In the hybrid

model, the spectrum is divided into two parts for interior and edge users as shown in

Figure 6.2. The interior users are served with NOMA to provide better rates to them.

In contrast, the edge users are served with OMA to eliminate intra-cell interference

and to obtain better signal quality. The users are assumed to have full buffer downlink

traffic and the same amount of bandwidth. Power-domain NOMA is employed where

the paired users are scheduled to the same RB with different power levels as in [43]. For
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a fair comparison, OMA users are served with half the bandwidth of a single NOMA

user.

The received SINR of a conventional OMA user is defined as

ΨP =
PPhr

−α

σ2 + IP |P + IM |P
, (6.1)

where PP is the pico BS transmit power, h is the power gain of the small-scale channel

coefficient of the user, r is the distance between serving BS and the user, α is the

pathloss exponent, σ2 is noise power, and IP |P and IM |P are the respective pico and

macro interference experienced by a pico user as defined in Sections 2.1.1 and 2.1.2.

The SINR values of NOMA users are different from OMA users, since the signal

of two users are superposed. Two NOMA users with superposed signals are referred to

as near and far users depending on their distance to the serving BS. SIC technique is

implemented in the receivers of the user devices to separate the signals [12]. To decode

the signal of the far user, the near user’s signal is treated as intra-cell interference.

Considering that the i-th and j-th users are paired (i < j), the SINR of the j-th (far)

user is defined similar to [58] as

ΨF
i,j =

afari,jPPhr
−α

σ2 + aneari,j PPhr−α + IP |P + IM |P
, (6.2)

where aneari,j and afari,j are user power coefficients of the i-th (near) user and the j-th (far)

user, respectively. In equation (6.2), afari,jPPhr
−α term from numerator is the received

power of far users signal and aneari,j PPhr
−α term from denominator is the near user’s

signal, which is received by far user as intra-cell interference as defined in Section 2.1.3.

To decode the signal of the near user, the near user should first decode the far user’s

signal, then decode its own signal. Considering that the i-th and j-th users are paired

(i < j), the SINR of the j-th (far) user received by the i-th (near) user is given as

Ψ
N(F)
i,j =

afari,jPPhr
−α

σ2 + aneari,j PPhr−α + IP |P + IM |P
(6.3)
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and the SINR of the i-th (near) user are given as

ΨN
i,j =

aneari,j PPhr
−α

σ2 + IP |P + IM |P
. (6.4)

The NOMA power coefficients are assumed to satisfy aneari,j +afari,j = 1 rule to ensure fair

comparison between OMA and NOMA.

6.2. Capacity Analysis

The users are assumed to be selecting the BS tier by measured RSRP values.

Therefore, tier selection probabilities and the PDF of the distance to the serving BS

is presented in Section 2.3.2. After the user connects the closest BS from the selected

tier, the service of the users are differentiated by their SINR measurements. The users

are first grouped as interior and edge users depending on their SINR measurements.

The probability of the user to be selected as edge user is complementary to coverage

probability, PE
P = 1− κP(γP), as presented in Section 2.4.2. The coverage probability

of pico users, κP(·), can be obtained by following similar steps in Appendix A without

including bandwidth and the transformation step from coverage probability to the

capacity [90]. Hence, the probability of the user being selected as edge user is given as

PE
P = 1− κP(γP) (6.5)

= 1−
∞∫
0

frP (r)e
− γPrασ2

PP
−πr2

(
λP ρ1(γP)+λMρzMP

(
γP

PM
PP

))
dr.

For a pico BS with NP connected users, the average numbers of interior and edge

users are calculated by multiplying probabilities in equation (6.5) with the number of

users as

N̄ I
P = ⌊κP(γP)N⌋2,

N̄E
P = ⌊(1− κP(γP))N⌋1,

(6.6)

where ⌊x⌋y is round-down operator that gives the biggest integer value equal or lower

than x divisible to y. The interior users are averaged to an even number since NOMA

serves to even number of users.
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After the user grouping, their coverage probability definitions are changed with

the condition of being interior or edge. By the evaluation of Bayes’ Theorem, the

coverage probability of an interior and edge users are given as

κI
P (τ) = Pr (ΨP > τ | ΨP > γP) =

Pr (ΨP > τ, ΨP > γP)

Pr (ΨP > γP)
=


κP(τ)
κP(γP)

τ > γP,

1 τ ≤ γP
(6.7)

and

κE
P (τ) = Pr (ΨP > τ | ΨP < γP) =

Pr (ΨP > τ)− Pr (ΨP > τ, ΨP > γP)

1− Pr (ΨP > γP)
(6.8)

=


κP(τ)−κP(γP)

1−κP(γP)
τ < γP,

1 τ ≥ γP.

The order of the received SINR measurements of the users has significant impor-

tance for further analysis of NOMA users. In this work, the users are ordered from the

highest to the lowest SINR values (Ψ1 > Ψ2 > · · · > ΨN for N users). In hybrid mode,

only interior users are ordered by their SINR values. When τ > γP condition holds,

the coverage probability of the i-th SINR-ordered interior user is given as

κi (τ) =

N̄ I
P∑

j=i

 N̄ I
P

j

(1− κP(τ)

κP(γP)

)N̄ I
P−j (

κP(τ)

κP(γ)

)j

, (6.9)

which is obtained by CDF of ordered random variables in [97].

The capacity derivations include two different performance metrics; capacity of a

BS and an average edge user for the three different spectrum usage strategies. Starting

with the hybrid model, the capacity of a BS is given as

CHybrid
P.BS = 2BIE [log(1 + ΨP) | NOMA, Interior] (6.10)

+BEE [log (1 + ΨP) | OMA,Edge]

∼=
2BI

N̄ I
P

∑
(i,j)∈P(N̄ I

P)

[
Cnear
i,j + Cfar

i,j

]
+ BECOMA,

which is the sum of the total interior and edge capacities. In equation (6.10), BI and

BE are bandwidth parts for interior and edge service (see Figure 6.2), P(·) is the set of
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user pairs, Cnear
i,j is NOMA near user capacity of the i-th interior user paired with the

j-th interior user, Cfar
i,j is NOMA far user capacity of the j-th interior user paired with

the i-th interior user, and COMA is the capacity of an edge OMA user. The expected

value of the total interior user capacity is multiplied by 2 since the NOMA users reuse

the same bandwidth twice (see Figure 6.2) by their superposed signals. Each BS serves

to NP users, and N̄ I
P and N̄E

P values are calculated by equation (6.6). As the number

of users is constant, the total interior capacity is approximated by the summation of

capacities of interior users.

The near user first decodes far user’s signal as a first step then decodes its own

signal. log(1 + Ψ
N(F)
i,j ) ≥ log(1 + ΨF

i,j) condition should hold to guarantee that the near

user correctly decodes far user’s signal and achieves the same bit-rate in the first step

of decoding. As the NOMA users are ordered by their respective SINRs, the near user

is always able to decode far user’s signal [52]. By the definitions in equations (6.2) and

(6.3), log(1 + Ψ
N(F)
i,j ) is always equal to or greater than log(1 + ΨF

i,j). For the capacity

analysis, we employ the integral transformation from the coverage probability such

that

E[log(1 + Ψ)] =

∞∫
0

Pr(Ψ > τ)

τ + 1
dτ, (6.11)

which is widely employed in the stochastic geometry literature as in [90]. Therefore,

the capacity of the i-th NOMA near user paired with the j-th far user is given as

Cnear
i,j = E

[
log(1 + ΨN

i,j) | ΨP > γP
]

(6.12)

=

∞∫
0

κi

(
τ

aneari,j

)
1

τ + 1
dτ,

where ΨP > γP condition stands for the interior user and the argument of κi(·) function

is obtained by moving τ and aneari,j terms to the right-hand side of aneari,j > τ condition.

Moreover, the capacity of the j-th NOMA far user paired with the i-th near user is

given as

Cfar
i,j = E

[
log(1 + ΨF

i,j) | ΨP > γP
]

(6.13)
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=

afari,j
anear
i,j∫
0

κj

(
τ

afari,j − aneari,j τ

)
1

τ + 1
dτ,

where the argument of κi(·) function is obtained by leaving τ , aneari,j , and afari,j terms on

the right-hand side of afari,j > τ condition. The integral in equation (6.13) has a constant

upper limit, since κi(·) is not applicable for a negative argument. The capacity of an

OMA user is given as

COMA = E [log(1 + ΨP) | ΨP < γP] (6.14)

=

∞∫
0

κE
P (τ)

τ + 1
dτ,

where ΨP < γP condition stands for the edge user.

The average edge user capacity in hybrid mode, is given as

CHybrid
Edge P.User = E

[
BE

NE
P

log (1 + ΨP) | ΨP < γP

]
(6.15)

∼=
BE

N̄E
P

COMA,

which is implemented as an approximation by N̄E
P users.

When the BS works in NOMA mode, its capacity is given as

CNOMA
P.BS = 2BE [log (1 + ΨP) | NOMA] (6.16)

∼=
2B
NP

∑
(i,j)∈P(NP)

[
Cnear
i,j (γP → 0) + Cfar

i,j (γP → 0)
]
,

where equations (6.12) and (6.13) are employed with γP → 0 condition, because all

users are NOMA users. Similarly, the average capacity of the edge users in the NOMA

mode is given as

CNOMA
Edge P.User = E

[
2B
NP

log (1 + ΨP) | NOMA,Edge

]
(6.17)

∼=
2B

NP N̄E
P

N̄ I
P+N̄E

P∑
j=N̄ I

P+1

Cfar
i,j (γP → 0),
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which is an approximation obtained by averaging the capacities of the furthest N̄E

users.

In OMA mode, the capacity of the BS is expressed as

COMA
P.BS = E [B log (1 + ΨP) | OMA] = BCOMA(γP → ∞), (6.18)

where equation (6.14) is employed with γP → ∞ condition, because all users are OMA

users. Lastly, the average capacity of the edge users in OMA mode is given as

COMA
Edge P.User = E

[
BE

NE
P

log (1 + ΨP)

∣∣∣∣OMA,Edge

]
∼=

BE

N̄P

COMA, (6.19)

which is an approximation obtained by division by the N̄E
P value.

6.2.1. Pairing

The type of pairing is defined by the pairing set P(·). Two types of pairing

methods are employed to illustrate a competent comparison on fairness and sum-rate

trade-off.

6.2.1.1. Near-to-Far Pairing. NF pairing is considered to be an optimal for the max-

imization of BS sum-rate [49]. In this method, the lowest and highest SINR users

are paired, then the second lowest and the second highest SINR users are paired, and

pairing is continued until the last pair of users in this order. The pairing set is given

as

P(n) =
{
(i, j) | j = n+ 1− i; i = 1, 2, . . . ,

n

2

}
(6.20)

for n users.

6.2.1.2. Near-to-Near Pairing. NN pairing is an another known method given in [58].

According to this method, the first half of the users are grouped as near users, and

the others are grouped as far users. The nearest user of the near user group and the
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nearest user of the far-user group are paired. The pairing set is given as

P(n) =
{
(i, j) | j = i+

n

2
; i = 1, 2, . . . ,

n

2

}
(6.21)

for n users.

6.2.2. Power Level Optimization

The power levels of the paired users have significant importance on the perfor-

mance of NOMA. In this work, we employ two power optimization solutions to reveal

performance trade-offs of NOMA; one aiming to maximize the fairness and the other

the sum-rate. The optimization problems are modelled within two paired users to op-

timize aneari,j and afari,j power coefficients. As their summation equals to 1 (Section 2.1.3),

they are represented as

aneari,j = a,

afari,j = 1− a
(6.22)

in this section for ease of presentation. As the power allocated to far user’s signal

is higher, the optimization problems are solved to find optimal a (a∗) in the feasible

region given as

0 ≤ a ≤ 1

2
. (6.23)

6.2.2.1. Maximum Fairness. To provide the maximum fairness, the problem is mod-

eled as

max
a

[
min

{
Cnear
i,j (a), Cfar

i,j (a)
}]

(6.24)

to find the optimal a value that maximizes the minimum capacity among the paired

users. The derivations for the optimal solution is presented in Appendix F, where the

optimal solution is achieved by

Cnear
i,j (a∗) = Cfar

i,j (a
∗) (6.25)
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condition. a∗ that achieves the maximum fairness is found by solving equation (6.25)

by the root finding algorithms.

6.2.2.2. Maximum Sum-Rate. The maximum sum-rate problem is given as

max
a

Cnear
i,j (a) + Cfar

i,j (a), (6.26)

subject to Cnear
i,j (a) ≥ ϵ6.1,

Cfar
i,j (a) ≥ ϵ6.1,

where ϵ6.1 is a constant lower bound for the minimum capacity for a user. The deriva-

tions for the optimal solution is introduced in Appendix G, where the optimal solution

is achieved by

Cfar
i,j (a

∗) = ϵ6.1, (6.27)

where a∗ can be obtained by the root finding algorithms, similar to maximum fairness

problem.

Table 6.1. General parameters for numerical results.

Parameters Values

Density of Macro BS, λM 5× 10−6 [BS/m2]

Density of Pico BS, λP 5× 10−5 [BS/m2]

BS transmit power, PM / PP 40 / 1 [Watts]

Edge probability, PE
P 0.2

Bias, b 2

Pathloss exponent, α 3

Noise power, σ2 10−10 [Watts]

Bandwidth, B 20MHz (× log2(e))

Interior and edge bandwidths, BI / BE 16 / 4MHz (× log2(e))

Number of users per BS, F 50

Average int. and edge users per BS, N̄ I
P / N̄E

P 40 / 10

Minimum user-rate for sum-rate opt., ϵ6.1 0.005 / 0.0005
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6.3. Numerical Results

The parameters of the analysis environment are given in Table 6.1. Even though

the analysis is limited to the performance of pico users, macro and pico tier parameters

are provided for the interference model. γP threshold is numerically calculated for every

instance by the inverse of PE
P definition in equation (6.5) for given edge probability from

the table. Then, N̄ I
P and N̄E

P are as calculated by equation (6.6). BI and BE values are

selected to keep a fair bandwidth usage between the interior and edge users with the

consideration of the edge probability (BE = BPE
P ).

Prior to the system level analysis, the CDFs, FΨP
(τ), of user SINRs are shown

in Figure 6.3. In a BS with NP = 50 users, 4 prominent users are selected to illustrate

the general effect of power optimization and pairing methods. The SINRs of OMA

users are shown in Figure 6.3(a) where the user’s signal is not manipulated by power

coefficients. As the power coefficients degrade the signal quality, the OMA user CDFs

provide an upper bound to the NOMA user CDFs. Figures 6.3(b) and 6.3(c) show

the SINR CDFs with the sum-rate optimization. In these plots, far users (26 and 50)

have the same level of SINR due to the minimum capacity limit ϵ6.1. In the sum-rate

optimization, the SINR of user 1 in the NF pairing is worse than its counterpart in

the NN pairing, since it compensates the capacity of user 50 to ϵ6.1 by reducing its

performance. When user 1 is paired with user 26 in the NN pairing, user 1 gets better

SINR, since the compensation of capacity of user 26 is easier. Figures 6.3(d) and 6.3(e)

show the SINRs under the fairness optimization, where paired users provide the same

capacity by optimized power levels. In Figure 6.3(d), the SINRs of the paired users are

around the same level, where near user SINRs are significantly degraded to compensate

for the far user performance. In Figure 6.3(e), SINR or user 1 is significantly reduced

to compensate for the performance of the worst performing user (user 50). From these

results, one important design aspect of the system emerges as the selection of the users

who are paired with the worst performing users (user 50 in Figure 6.3) to compensate

for their performance.
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(a) OMA.
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(b) NOMA, maximum sum-rate, NN pairing: (1,26), (25,50).
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(c) NOMA, maximum sum-rate, NF pairing: (1,50), (25,26).
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(d) NOMA, maximum fairness, NN pairing: (1,26), (25,50).
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(e) NOMA, maximum fairness, NF pairing: (1,50), (25,26).

Figure 6.3. CDFs of effective SINR for user 1, 25, 26, and 50 for different power

optimization and pairing alternatives (open access, N = 50, and ϵ6.1 = 0.005).
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Figure 6.4. Capacity comparison of hybrid model for different BS density ratios in

open access network (ϵ6.1 = 0.005).
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Figure 6.5. Capacity gain over OMA for constant BS density ratio (λP/λM = 50) in

open access network.

Capacity comparison of hybrid model in an the open access network for changing

BS density ratio are shown in Figures 6.4 and 6.5. The different values of BS density

ratio on the x-axis are provided by keeping macro BS density constant (see Table 6.1)

and changing pico BS density. In Figure 6.4(a), maximum sum-rate curves provide

a lot better performance compared to the others. Among maximum sum-rate curves,

hybrid model follows other NOMA curves with a similar performance. Maximum fair-

ness curves provide a lot worse sum-rate compared to the other curves. NF pairing for

maximum fairness results in the worst sum-rate, since its best users compensate for

the worst user’s signal (also illustrated in Figure 6.3(e)). In Figure 6.4(b), maximum

fairness curves provide better edge performance, where NF pairing improves the per-

formance a little over the NN pairing. Hybrid model and OMA curves overlap, since

they serve edge users with OMA. Edge user performance of maximum sum-rate curves

remain constant, since both provide constant rate of ϵ6.1 to the far users. In Figure 6.5,

comparison of the capacity gains provides insight on the flexibility of NOMA to out-

perform OMA in different performance metrics. In the open access system, NOMA can

provide around 1.8 times sum-rate gain and over 2 times average edge capacity gain
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Figure 6.6. Capacity comparison of open and closed access networks for different BS

density ratios (NN pairing, ϵ6.1 = 0.0005).
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Figure 6.7. Comparison of open and closed access networks by capacity gain over

OMA for constant BS density (λP/λM = 50).

in different operating instances. However, Hybrid model achieves a similar sum-rate

performance to the NOMA model in in terms of maximum sum-rate without reducing

the edge user performance.

The comparison of capacity results between the open and closed access networks is

presented in Figure 6.6. In contrast to the previous results, ϵ6.1 is selected to be a lower

value (0.0005) as closed access network cannot satisfy higher capacity requirements for

distant users. In Figures 6.6(a) and 6.6(b), the capacity results are given for different

BS densities. Pico users are observed to have lower BS and edge capacity for low BS

density ratios due to high interference of macro BS’s. For higher BS density ratios,

the capacity results in closed access converge to the capacity results of open access,

because users are served by the nearer pico BS’s. Hybrid model is observed to achieve

close performance to max. sum-rate curves of NOMA in Figure 6.6(a), and to max.

fairness curves of NOMA in Figure 6.6(b). In Figure 6.7, the capacity gains of open and

closed access networks employing NOMA are compared. OMA provides poor capacity

for closed access user due to high interference. Closed access network is observed to
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provide one-step better capacity gain for NOMA over OMA, since OMA suffers more

from high interference in closed access. Hybrid model, similar to Figure 6.5, provides

close performance to max. sum-rate NOMA, while achieving the same performance

with OMA for edge users in Figure 6.7.

6.4. Conclusion

In this chapter, a stochastic geometry analysis of a heterogeneous network where

users are served with a hybrid spectrum access model (NOMA and OMA can be em-

ployed in the same spectrum band) is presented in this work. The analysis include two

alternative power optimization and pairing methods. The numerical results indicate

that NOMA can decently improve the edge user performance by power optimization

with the cost of reduced sum-rate. The results also indicate that the hybrid model

provides adequate edge user performance while providing a sum-rate similar to that

achieved by the only NOMA case.
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7. UPLINK DECODER DESIGN FOR NOMA WITH

POWER CONSTRAINTS

The performance of uplink NOMA is affected by intra-cell interference. For SIC-

based receiver in BS, the performance of the firstly decoded user is degraded by intra-

cell interference caused by the signal of the other user in the same pair. Therefore,

the selection of decoding order potentially avoids the interference for the selected user

among the paired users. Joint optimization of decoding order and transmit powers of

users is essential for achieving satisfactory sum-rate. If the user with low channel power

will be decoded first, its received power should guarantee a certain level of power to

ensure its bit-rate demand. This contradicts with low EC KPI for uplink NOMA in [16].

In this chapter, an optimization problem of user transmit power and decoding order

is presented with closed-form solution. By the solution to this problem, thresholds

on bit-rate and power constraints of the user is derived for the feasibility of switching

decoding order.

For the rest of the chapter, the signal model is presented in Section 7.1, the power

level optimization is presented in Section 7.2, the decoding order optimization and

power limit are presented in Section 7.3, numerical results are presented in Section 7.4,

and conclusions are presented in Section 7.5.

7.1. System Model

A wireless environment consists of a single BS and randomly distributed users is

considered. The users are assumed to be homogeneously distributed in a disc coverage

area, where the BS is located in the center. Each user is served through a channel with

power gi = hr−α where h is small-scale channel power by Rayleigh fading, r is distance

between user and BS, and α is pathloss exponent. Two users are scheduled to each

RB. The users are referred as user 1 and user 2 for the rest of the chapter, where user

1 is the with stronger channel power. Under configurable decode order, their optimal



92

sum-rate is given as

max
p1,p2

{
CUp.RB
1�2 , CUp.RB

2�1

}
, (7.1)

where p1 and p2 are respective transmit powers of user 1 and 2, CUp.RB
1�2 is sum-rate

when user 1 is decoded before user 2, and CUp.RB
2�1 is vice versa. Sum-rate definitions by

determined are defined as

CUp.RB
1�2 = log2

(
1 + Φ1�2

1

)
+ log2

(
1 + Φ1�2

2

)
, (7.2)

CUp.RB
2�1 = log2

(
1 + Φ2�1

1

)
+ log2

(
1 + Φ2�1

2

)
, (7.3)

where Φ1�2
1 and Φ1�2

2 are respective SINRs of user 1 and 2 for decode order (1 � 2), Φ2�1
1

and Φ2�1
2 are respective SINRs of user 1 and 2 for decode order (2 � 1), and σ2 is the

noise power. The uplink SINR definitions are presented in Section 2.2. Before achieving

global optimal solution for Problem (7.1), CUp.RB
1�2 by transmit powers is presented in

the next section.

7.2. Transmit Power Optimization (1 � 2)

Optimal transmit powers for maximum sum-rate are presented for the pre-defined

decoding order (1 � 2) in this section. Each user is assumed to have its own bit-rate

demand and transmit power constraint. The definition for the optimization problem

is given as

max
p1,p2

log2

(
1 +

p1g1
σ2 + p2g2

)
+ log2

(
1 +

p2g2
σ2

)
(7.4a)

subject to log2

(
1 +

p1g1
σ2 + p2g2

)
≥ D1 (7.4b)

log2

(
1 +

p2g2
σ2

)
≥ D2 (7.4c)

p1 ≤ pmax
1 (7.4d)

p2 ≤ pmax
2 , (7.4e)

where D1 and D2 are respective bit-rate demands and pmax
1 and pmax

2 are respective

transmit power constraints for users 1 and 2.
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The solution for Problem (7.4) is obtained by KKT conditions [96]. The La-

grangian function for the problem is given as

L = − log2

(
1 + p1g1

σ2+p2g2

)
− log2

(
1 + p2g2

σ2

)
+ v7.1

(
2D1 − 1− p1g1

σ2+p2g2

)
+v7.2

(
2D2 − 1− p2g2

σ2

)
+ v7.3(p1 − pmax

1 ) + v7.4(p2 − pmax
2 ) , (7.5)

where v7.1, v7.2, v7.3, and v7.4 are non-negative Lagrangian multipliers. To achieve

optimal closed-form solution, the KKT conditions are given as

∂L
∂p1

= − g1
σ2+p∗2g2

σ2+p∗2g2
σ2+p∗1g1+p∗2g2

− v∗7.1g1
σ2+p∗2g2

+ v∗7.3 = 0, (7.6a)

∂L
∂p2

= − σ2+p∗2g2
σ2+p∗1g1+p∗2g2

g2
σ2+p∗2g2

+
v∗7.1g2p

∗
1g1

(σ2+p∗2g2)
2 − v∗7.2g2

σ2 + v∗7.4 = 0, (7.6b)

v∗7.1

(
2D1 − 1− p∗1g1

σ2+p∗2g2

)
= 0, (7.6c)

v∗7.2

(
2D2 − 1− p∗2g2

σ2

)
= 0, (7.6d)

v∗7.3 (p
∗
1 − pmax

1 ) = 0, (7.6e)

v∗7.4 (p
∗
2 − pmax

2 ) = 0. (7.6f)

By the signs of summation components in Constraint (7.6a), we see v∗7.3 has non-zero

value. Hence, p∗1 value equals to its maximum pmax
1 by Constraint (7.6e). By the sum-

mation components in Constraint (7.6b), we see at least one of v∗7.1 or v
∗
7.4 should have

non-zero value. Using this fact, the value of p∗2 can be obtained by Constraints (7.6c)

or (7.6f). As a result, the optimal transmit powers are given as

p∗1 = pmax
1 , (7.7)

p∗2 = min

{
pmax
2 ,

1

g2

(
pmax
1 g1

2D1 − 1
− σ2

)}
. (7.8)

By placing p∗1 and p∗2 into CSR
1�2, its optimal value becomes a piece-wise function as

CUp.RB∗
1�2 = − log2(σ

2) + log2

(
σ2 + pmax

1 g1 + g2min
{
pmax
2 , 1

g2

(
pmax
1 g1
2D1−1

− σ2
)})

. (7.9)
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7.3. Decode Order Optimization

The solution for the global optimization in Problem (7.1) is obtained by the

comparison of the sum-rate values with the optimal transmit powers. Therefore, the

best decoding order can be decided by

CUp.RB∗
1�2

1�2

≷
2�1

CUp.RB∗
2�1 , (7.10)

where the solution for CUp.RB∗
2�1 is exactly the same by switching the indexes in equa-

tion (7.9). The comparison can be reduced to

g1max
{
0, pmax

1 − 1
g1

(
pmax
2 g2
2D2−1

− σ2
)} 1�2

≷
2�1

g2max
{
0, pmax

2 − 1
g2

(
pmax
1 g1
2D1−1

− σ2
)}

.

(7.11)

By conditional structure in two sides of Decision Rule (7.11), the optimal decoding

order decision should be made by multiple comparisons. These comparisons are given

in inequality form as

pmax
1 > 1

g1

(
pmax
2 g2
2D2−1

− σ2
)
, (7.12a)

pmax
2 > 1

g2

(
pmax
1 g1
2D1−1

− σ2
)
, (7.12b)

pmax
1 g1

(
1 + 1

2D1−1

)
> pmax

2 g2

(
1 + 1

2D2−1

)
. (7.12c)

The resulting inequalities for the optimal decoding order reveal two important

remarks.

• When the transmit power constraints, pmax
1 and pmax

2 , are sufficiently high, the

optimal decoding order can be obtained by only Inequality (7.12c). If pmax
1 and

pmax
2 are equal values, this case is equivalent to the solution presented in [77].

• When the transmit power constraints, pmax
1 and pmax

2 , are sufficiently low, In-

equalities (7.12a) and (7.12b) do not hold and the sum-rate is the same for both

decoding orders. This case is called No-Optimal-Order (NOO) region. This region

is achieved when both sides of Decision Rule (7.11) equals to zero.
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The decision logic for the optimal decoding order is summarized by Inequalities (7.12)

as

! (7.12a) ∧ ! (7.12b) =⇒ NOO,

(7.12a) ∧ ! (7.12b)

(7.12a) ∧ (7.12b) ∧ (7.12c)

 =⇒ (1 � 2),

! (7.12a) ∧ (7.12b)

(7.12a) ∧ (7.12b) ∧ ! (7.12c)

 =⇒ (2 � 1),

(7.13)

where ! (·) identifies the inequality (·) does not hold and ∧ is and logical operator.

The transmit power and bit-rate constraints of the user 2 are critical for decoding

decisions. By Decision Rule (7.13), a lower bound for pmax
2 , which indicates (2 � 1)

decoding order provides better sum-rate than (1 � 2), is given as

pmax
2 > 1

g2
max

{
pmax
1 g1
2D1−1

− σ2, pmax
1 g1

(
2D1

2D1−1

)(
2D2−1
2D2

)}
. (7.14)

This lower bound can be described as the minimum transmit power for the user 2 that

makes switching the decoding order advantageous. Similarly, an upper bound on the

bit-rate demand of user 2 where decoding order (2 � 1) provides better service is given

as

D2 <
1

1− pmax
2 g2

pmax
1 g1

2D1−1
2D1

(7.15)

with the assumption of
pmax
2 g2

pmax
1 g1

2D1−1
2D1

< 1. Since the channel powers of users are ordered

as g1 > g2, this assumption is valid for most of the use-cases.

7.4. Numerical Results

This section presents numerical results for varying user bit-rate demands and

transmit power constraints. In the wireless environment for the numerical results, the

users are uniformly distributed inside a 2D plane disc where the BS is located in the

center. The outer radius of the disc is considered as 866 meters and its inner radius is

10 meters similar to MMTC use-case of [8]. By the same use-case, the noise figure of
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Figure 7.1. Sum-rate comparison of the optimal and the constant (1 � 2) decoding

order for varying channel power ratios.

the BS is assumed as 5 dB and pathloss exponent, α, is assumed as 2.2 as a line-of-sight

model. The maximum transmit power of the user 1, pmax
1 , is 0.2 Watts. All sum-rate

results are obtained for single RB. An RB is considered as 1 ms and 180kHz [98].

Therefore, effective bandwidth for an RB is BRB = 0.001×180000 = 180 1/RB. In this

section, D1, D2, and sum-rate values are presented as bits/RB by multiplication with

BRB. All of the curves are assumed to have optimized transmit powers as defined in

equation (7.8).

Figure 7.1 presents sum-rate results for different channel instances of users. For

these curves, the bit-rate demands of the users 1 and 2 are respectively 1000 and 50

bits. The curves are observed to include multiple break points. Equation (7.9) and

Decision Rule (7.11) show that the sum-rate for the constant decoding order (1 � 2)

contains 1 break point, while the sum-rate for the optimal decoding order contains up

to 3 break points. The break points where the optimal decoding order starts to provide
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Figure 7.2. The optimal decoding order decision regions from Decision Rule (7.13) for

varying channel power ratios.

advantage over constant decoding order (1 � 2) is determined by Inequality (7.14). As

the channel power ratio gets closer to 1, less transmit power by user 2 (pmax
2 ) is required

for the decoding order (2 � 1) to have advantage over (1 � 2). Moreover, for the lower

values of the channel power ratio, the optimization of decoding order provides higher

gain over constant decoding order. As discussed also in [71], the received power based

decoding order has disadvantage when the channel powers are close to each other.

By the difference in bit-rate demands and transmit power constraints, the optimal

decoding order provides significant sum-rate gain in the disadvantageous instances of

close channel powers.

Figure 7.2 presents the boundaries of the optimal decision logic regions by De-

cision Rule (7.13) for power and bit-rate constraints of user 2 under different channel

ratios. The optimal decoding order decision is (1 � 2) for the upper-left region above

boundaries and (2 � 1) for the lower-right region below boundaries. The lower-left
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Figure 7.3. Average sum-rate comparison by Monte-Carlo simulations for varying

user bit-rate demands.

triangle regions for each boundary curve illustrate NOO region. Among the boundary

curves, NOO region is observed to be present only for low bit-rate demands of user 2.

For the instances of higher channel power ratio, the required transmit power of user 2

becomes higher to achieve the advantage of decoding order (2 � 1). The boundaries

between (1 � 2) and (2 � 1) regions are close to linear. The boundaries between

the optimal decision regions shows that the user 2 requires higher transmit to sustain

the advantage of switching decoding order for increased bit-rate demand. When the

channel ratio get higher, decoding order (2 � 1) region gets smaller and it becomes a

less desirable solution.

Figure 7.3 presents Monte-Carlo simulation results of average RB sum-rate for

varying user bit-rate demands. Average sum-rate values are calculated by 106 instances

of random channel powers where the infeasible instances of channel pairs are ensured

to be below 100 for each point. Comparing curves for D1 = 500 and D1 = 1000 bits,
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lower bit-rate demand by user 1 achieves better sum-rate as it limits the transmit

power of user 2. The sum-rate of the constant decoding order, (1 � 2), is not affected

by the bit-rate demand of user 2, D2. Comparing curves with different D2 values, the

optimization of decoding order by lowD2 value is capable of achieving performance gain

for lower transmit powers. When D2 is increased, the transmit power required for the

performance gain becomes higher. Coming to an overall result, the performance gain

of optimal decoding order is achievable under high transmit power by Inequality (7.14)

and low bit-rate demand by Inequality (7.15), and their thresholds are monotonically

affecting each other.

7.5. Conclusion

In this chapter, joint optimization of user transmit powers and decoding order are

presented under transmit power and bit-rate demand constraints. The results include

theoretical limits for transmit power and bit-rate demand of the user to ensures sum-

rate gain by switching decoding order. The numerical results indicate that switching

decoding order provides significant performance gain when the channel powers of the

users are close to each other. Moreover, a detailed analysis of optimal decision regions

by power and bit-rate constraints is presented.
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8. CONCLUSION AND FUTURE WORK

In this thesis, most of the numerical results are obtained by stochastic geometry

analysis. The mathematical derivations on heterogeneous networks are obtained by re-

garding the tier selection model [92]. For future studies, the definitions in Section 2.3.2

presents a simplified model to include open and closed access easily to any probabilistic

analysis. Besides, in most cases the parameter optimization problems are modelled by

utilizing the derivations from capacity analysis. Comparing to the other parameter

optimization work in the literature, optimization by capacity analysis with the help of

stochastic geometry provides insight for the selection of the parameters for irregular

deployments.

In Chapters 3 and 4, stochastic geometry analysis and parameter optimization

problems are presented for strict FFR and ABS techniques for OMA networks. The

numerical results indicate that idling RB’s as in strict FFR is more energy efficient

technique than adjusting transmit power for improvement of the edge user performance.

For ABS in heterogeneous networks, including macro ABS is observed to be saving more

energy that pico ABS, as the macro BS’s consumes more energy. However, pico ABS

is required when macro edge users are subject to severe interference from pico BS’s.

Especially in closed access networks, macro ABS is more important as macro BS’s

cause higher inter-tier interference. Regarding the numerical results and state of the

other works from the literature, following future works are considered for the parameter

optimization of ICIC techniques.

• The next step for ICIC parameter optimization is to include CRE bias to the

optimization problem and to solve it jointly. The numerical results reveal that

the choice of the bias parameter has significant impact on the performance.

• One other possible future direction is to include the adaptation to different RB

sizes in the interference coordination. Even though this changes the nature of

the problem, it has significance as varying RB sizes are practically implemented
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in 5G and latter technologies (e.g. F-OFDM [99]).

In Chapters 5 and 6, stochastic geometry analysis of NOMA-deployed hetero-

geneous network is presented for a variety of spectrum usage options for interference

mitigation and network performance improvement. The coverage analysis in Chapter 5

reveals superiority of strict FFR over SFR in terms of signal quality. Chapter 6 deploys

more detailed stochastic geometry analysis with power level optimization and pairing

for NOMA. By the power level optimization, optimization of BS sum-rate degrades

edge user performance vitally. In contrast, the optimal fairness achieves significant

edge user performance with the cost of poor BS sum-rate. The proposed hybrid model

achieves very good BS sum-rate, close to only NOMA case, with satisfactory edge user

performance. Moreover, NN and NF pairing methods achieve very close BS sum-rate,

where they differentiate in user-specific performance. As a consequence to NOMA-

based sequence, following items are considered future work.

• For an ubiquitous analysis, stochastic geometry analysis should be extended with

capacity analysis with inclusion of BS or user bandwidth.

• Hybrid model can be further enhanced with inclusion of ICIC techniques. In this

case, the performance of users, who experience most sever interference, can be

improved by the help of frequency reuse.

• Beside static ICIC techniques like strict FFR or SFR, dynamic ICIC or CoMP

are good alternatives to improve edge user performance, so the analysis can be

extended with them.

In Chapter 7, joint optimization of user transmit powers and decoding order is

presented under transmit power and bit-rate demand constraints. The results include

theoretical limits for transmit power and bit-rate demand of the user to ensures sum-

rate gain by switching decoding order. The results indicates the performance gain by

switching decoding order under varying transmit power constraints. The performance

gain of switching decoding order is indicated to be achievable when the channel powers

of the users are close, maximum transmit power of distant user is sufficiently high, and
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bit-rate requirement of the distant user is sufficiently low.

• As a future work, optimization of the uplink decoding order can be extended by

generalizing the optimal solution to more than 2 users transmitting in the same

RB.
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APPENDIX A: Base Station Capacity for Almost Blank

Sub-Frame

In this section, we present the derivations for a single BS average interior and

edge capacities, when ABS is employed in 2-tier network. Firstly, the average sum

capacity for interior of a macro BS

CI
M.BS = E

[
BK−kM−kP

K
ln
(
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M

)]
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where the second line is obtained by a common transformation from the coverage

probability to the capacity as shown in [90] and the forth line is obtained by the tail

probability of the exponential distribution by Rayleigh fading. Er[. . . |Macro,Interior]

is the expected value by r where the pdf fM(r) from equation (2.13) is used with the

condition of the interior probability as (1 − PE
M) from equation (2.16). By applying

similar steps, the average sum capacity of edge users of a macro BS can be obtained as
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where Er[. . . |Macro, Edge] is the mean value of r where the pdf fM(r) from equa-

tion (2.13) is conditioned on the edge probability by the equation (2.16). LIP|M(·) and

LIM|M(·) are Laplace transforms of interference by pico and macro interferers to the

typical macro user, respectively (IP|M and IM|M). The Laplace transform of IP|M is

derived as

LIP|M (srα) = E

[
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where lower bound ri ≥
√
zPMr on pico cell interferers is obtained by equation (2.14),

the second line is derived by Laplace transform of exponential distribution of hi, the

third line is obtained by inserting the probability generating functional of PPP as

in [90], and ρx(y) is as defined in equation (3.9). By similar steps, Laplace transform

of IM|M is obtained as

LIM|M (srα) = exp {−πλMr2ρ1 (sPM)} . (A.4)

Beside macro BS capacity, pico BS capacity can be derived with the same course of

action. By similar steps, CI
P.BS and CE

P.BS can be obtained by swapping λM and λP ,

PM and PP, zMP and zPM, and utilizing Er[. . . |Pico, Interior], Er[. . . |Pico, Edge].
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APPENDIX B: The Worst-User Capacity for Almost Blank

Sub-Frame

The worst-region capacity definitions for edge and interior macro users are re-

spectively given as

CE-W
M.User = E
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B kP

K

ln(1+ΨE
M)
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where NE
M and NM are the number of edge-macro users and all macro users, respec-

tively. We employ E
[
ln(1+Ψ)

N

]
≈ E[ln(1+Ψ)]

E[N ]
approximation for the worst-region capacity

derivations. The definition of CI-W
M.User includes expected value of all users as there is

no edge user in the case of kP = 0 (explained in Section 4.2.2). The expected value of

number of users in the denominator is obtained by using equations (2.11) and (2.16)

as
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where λu is the user density of the area. By the tail probability of equation (2.13),

the worst-region distance lower bound, ωM, in equation (4.8) is derived by solving∫∞
ωM

fM (r) dr = pworst. By the worst region condition and following similar steps to

equations (A.2) and (A.1), the expected values for the edge and interior worst-user

capacity formulation are respectively derived as
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By inserting these auxiliary definitions into equations (B.1) and (B.2), equations (4.12)

and (4.11) are obtained. The derivation can be re-created for the pico cells by replacing

macro and pico parameters for obtaining equations (4.13) and (4.14).
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APPENDIX C: Sign of the Derivative of EE with Respect to

γP and γM for Almost Blank Sub-Frame

EE is defined as ratio of ASE to AEC. AEC is not affected by γM and γP. Hence,

the derivative of EE is given as

dEE
dγP

= λP
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whose sign depends on the summation of coverage probabilities for edge and interior

users. The derivative of coverage probability for Pico-Edge users is given as
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and fP(r) is the PDF defined in equation (2.13). The distance r is considered only

between ζ and ∞, so its PDF is conditionally implemented. The term
∫∞
ζ

fP(r)dr in

the first line of equation (C.2) is a part of the conditional PDF. gEP(r) is a strictly

monotonically decreasing function of r. Considering equation (C.2), gEP(ζ) is always

bigger than gEP(r) as r is between ζ and ∞. Therefore,
dPr(ΨE

P>τ)

dγP
has always a positive

sign. The derivative of coverage probability for Pico-Interior users can be derived as

dPr(Ψ I
P>τ)

dγP
= d

dγP


ζ∫
0

fP(r)g
I
P(r)dr

ζ∫
0

fP(r)dr

 =

ζ
αγP

fP(ζ)
ζ∫
0
(gIP(r)−gIP(ζ))fP(r)dr(
ζ∫
0

fP(r)dr

)2 (C.4)

where

gIP(r) = e
− rασ2τ

PP
−πr2

(
λP ρ1(τ)+λMρzMP

(
PMτ

PP

))

where gIP(r) is strictly monotonically decreasing with r. Hence, gIP (r) is always bigger
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than gIP (ζ) where r is between 0 and ζ. This property proves that the sign of the dEE
dγP

is always positive.
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APPENDIX D: Derivations on NOMA - Strict Fractional

Frequency Reuse

Because of the presence of the SIC receiver, the correct demodulation of low

power signal depends on initial demodulation of the overlapping high power signal.

Hence, the coverage probability of low power signal and overlapping high power signal

are considered jointly. For both FFR techniques, type of overlapping high power signal

differs due to frequency RB position as shown in Figure 5.1. Starting with the interior,

the coverage probability of near users that uses interior RB’s is written as

Pr
(
ΨN-I
t > τ, ΨF-I

t > T
)

(D.1)

= Er

[
Pr
(

aneart Pthr−α

σ2+IsFFR-I
t

> τ,
afart Pthr−α

σ2+aneart Pthr−α+IsFFR-I
t

> T
)∣∣∣Ptr

−α > φt

]
= Er

[
Pr
(
h > max

{
τrα

aneart Pt
, T rα

afart Pt−T aneart Pt

}
(σ2 + IsFFR-I

t )
)∣∣∣Ptr

−α > φt

]
= Er

[
exp

(
− τrασ2

aneart Pt

)
LIsFFR-I

t

(
τrα

aneart Pt

)∣∣∣Ptr
−α > φt

]
=

(Pt/φt)1/α∫
0

exp
(
− τrασ2

aneart Pt

)
LIsFFR-I

t

(
τrα

aneart Pt

)
frt (r)

1−Pt
dr

where the forth line is obtained by CDF of exponential distribution and following rule

aneart Pt

(
1 +

1

τ

)
≤ afart Pt

T
. (D.2)

In case of that the relationship above does not hold, the coverage probability of the low

power signal becomes equal to coverage probability high power signal, either interior

or edge depending on the RB region.

The coverage probability of near users that uses edge RB’s is

Pr
(
ΨN-E
t > τ, ΨF-E

t > T
)
=

T∑
s=1

1
T
Pr
(
ΨN-E
t,s > τ, ΨF-I

t > T
∣∣edge-s, Ptr

−α > φt

)
(D.3)

=
T∑

s=1

1
T

(Pt/φt)1/α∫
0

exp
(
− τrασ2

aneart Pt

)
LIsFFR-E

t,s

(
τrα

aneart Pt

)
frt (r)

1−Pt
dr

where the coverage probability is divided into coverage probabilities of each RB group

edge-j. We assume that the probability of usage of each RB is the same. Hence, the
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probability of selection of edge-s among all edge RB’s is 1
T

(
1− FI

F

)
and the probability

of selection of interior is FI/F. Equation (5.10) is obtained by combining both edge

and interior RB coverage probabilities of low power signal. Moreover, the coverage

probabilities of far-interior and far-edge users can be similarly obtained by marginal

probability of their SINR values.

Coverage probabilities of near, far-interior, and far-edge users are affected by LT

of the interference. For Strict FFR technique, LT varies for edge or interior RBs in

use. The LT of interior interference is obtained as

LIsFFR-I
t

(x) = E
[
exp

(
−xIsFFR-I

t

)]
(D.4)

= E

[
exp

(
−x

T∑
j=1

∑
ri>qj|t

Pjhir
−α
i

)]

=
T∏

j=1

E

[ ∏
ri>qj|t

1
1+xPjr

−α
i

]

=
T∏

j=1

exp

(
−2πλj

∞∫
qj|t

(
1− 1

1+xPju−α

)
udu

)
where the third lines is obtained by introduction of LT of exponentially distributed

hi, the forth line is obtained by inserting probability generating functional (PGFL) for

PPP [90]. Moreover, the LT of edge interference is obtained as

LIsFFR-E
t,s

(x) = E
[
exp

(
−xIsFFR-E

t,s

)]
(D.5)

= E

[
exp

(
− s

∑
ri>qs|t

(δi,sa
far
s Ps + anears Ps)hir

−α
i

−x
T∑

j = 1

j ̸= s

∑
ri>zj|t

anearj Pjhir
−α
i

)]

=
E

[ ∏
ri>qs|t

1
1+x(δi,safars Ps+anears Ps)r

−α
i

]
T∏

j = 1

j ̸= s

E

[ ∏
ri>qj|t

1
1+xanearj Pjr

−α
i

]

= exp

{
− 2πλs

∞∫
qs|t

(
1− 1

∆s

1
1+xPsu−α − ∆s−1

∆s

1
1+xanears Psu−α

)
udu
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−2π
T∑

j = 1

j ̸= s

λj

∞∫
qj|t

(
1− 1

1+xanearj Pju−α

)
udu

}

where the third equality is obtained by introduction of LT of exponentially distributed

hi, and the forth equality is obtained by inserting PGFL for PPP [90] and averaging

with respect to δi,s.
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APPENDIX E: Derivations on NOMA - Soft Frequency

Reuse

The coverage probability of near users is jointly evaluated with coverage of high

power signal similar to Appendix D. For SFR, the signal of near user can be trans-

mitted in the same RB with the signals of far-interior or far-edge users. The coverage

probability of near users while sharing the same RB’s with far-interior users is given

as

Pr
(
ΨN
t > τ, ΨF-I

t > T
)

(E.1)

= E
[
Pr
(
h > max

{
τrα

aneart Pt
, T rα

afart Pt−T aneart Pt

}
(σ2 + ISFRt )

)∣∣∣Ptr
−α > φt

]
= E

[
Pr
(
h > τrα

aneart Pt
(σ2 + ISFRt )

)∣∣∣Ptr
−α > φt

]
=

(Pt/φt)1/α∫
0

exp
(
− τrασ2

aneart Pt

)
LISFR

t

(
τrα

aneart Pt

)
frt (r)

1−Pt
dr

where the second equality is obtained by the rule in Inequality (D.2) and the third

equality is obtained by similar the steps with all previous proofs. By Inequality (D.2),

the coverage probability of near users in edge RB region equals the coverage proba-

bility of near user in interior RB region since afart Pt < βta
far
t Pt. Hence, the coverage

probability of near users found above is applicable for all available RB’s. The coverage

probabilities of far-interior and far-edge users can be similarly obtained by marginal

probability of their SINR values. LT of interference in SFR-NOMA coexistence is

written as

LISFR
t

(x) (E.2)

= E
[
e−xISFR

t

]
= E

[
exp

{
−x

T∑
j=1

∑
ri>qj|t

(
anearj Pj + (1− δi,j)a

far
j Pj + δi,jβja

far
j Pj

)
hir

−α
i

}]

=
T∏

j=1

E

[ ∏
ri>qj|t

1
1+x(anearj Pj+(1−δi,j)afarj Pj+δi,jβjafarj Pj)r

−α
i

]
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=
T∏

j=1

exp

{
− 2πλj

∞∫
qj|t

(
1− 1

∆j

1
1+x(anearj Pj+βjafarj Pj)u−α

−∆j−1

∆j

1
1+x(anearj Pj+afarj Pj)u−α

)
udu

}
where the third equality is obtained by LT of exponential distribution of hi, the forth

equality is obtained by averaging with δi,j and inserting PGFL of PPP.
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APPENDIX F: Power Levels for Maximum Fairness in

Downlink NOMA

Problem (6.24) is firstly converted to

max
a,ξ

ξ (F.1a)

subject to Cnear
i,j ≥ ξ (F.1b)

Cfar
i,j ≥ ξ (F.1c)

to be able to model with the KKT conditions [96]. The Lagrangian function for the

problem becomes

L = −ξ + vF.1(ξ − Cnear
i,j ) + vF.2(ξ − Cfar

i,j ) (F.2)

where vF.1 and vF.2 are respective Lagrangian multipliers for near and far user capacity

lower bounds. Therefore, KKT conditions for the problem are given as

−vF.1
∂Cnear

i,j

∂a
− vF.2

∂Cfar
i,j

∂a
=0 (F.3a)

−1 + vF.1 + vF.2 =0 (F.3b)

vF.1(ξ − Cnear
i,j ) =0 (F.3c)

vF.2(ξ − Cfar
i,j ) =0 (F.3d)

where equations (F.3a) and (F.3b) are derived from derivative of equation (F.2) with

respect to a and ξ. By definition, the sign of
∂Cnear

i,j

∂a
and

∂Cfar
i,j

∂a
are positive and negative,

respectively. Considering the signs of these derivatives, equation (F.3a) and (F.3b)

provides that vF.1 and vF.2 have non-zero values and their sum equals to 1. Using this

outcome on equation (F.3c) and (F.3d), the solution is achieved when ξ = Cnear
i,j = Cfar

i,j .
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APPENDIX G: Power Levels for Maximum Sum-Rate in

Downlink NOMA

The Lagrangian function for Problem (6.26) is given as

L = −Cnear
i,j − Cfar

i,j + vG.1(ϵ6.1 − Cnear
i,j ) + vG.2(ϵ6.1 − Cfar

i,j ) (G.1)

where vG.1 and vG.2 are the respective Lagrangian multipliers for the near and far user

capacity lower bounds. To solve the problem, the KKT conditions [96] are given as

−
∂Cfar

i,j

∂a
(1 + vG.2)−

∂Cnear
i,j

∂a
(1 + vG.1) =0 (G.2a)

vG.1(ϵ6.1 − Cnear
i,j ) =0 (G.2b)

vG.2(ϵ6.1 − Cfar
i,j ) =0. (G.2c)

The optimal values for vG.1, vG.2, and a can only be obtained by finding a relationship

between
∂Cfar

i,j

∂a
and

∂Cnear
i,j

∂a
. The derivative of the near user capacity can be obtained as

∂Cnear
i,j

∂a
=

∞∫
0

1
τ

∂
∂a

Pr
(
Ψi >

τ
a

)
dτ (G.3)

=
∞∫
0

τ
(τ+1)a2

fΨi

(
τ
a

)
dτ

=
∞∫
0

u
1+au

fΨi
(u) du

=
1/a∫
0

Pr
(
Ψi >

v
1−av

)
dv

where fΨi
(·) presents PDF of the i-th user SINR. Through derivations, the first line of

equation (G.3) is obtained by moving the derivative inside the integral. The second

line of equation (G.3) is obtained by the derivative of the CDF of Ψi is its PDF. The

third line of equation (G.3) is obtained by τ
a
= u transformation in integral. Lastly,

the forth line of equation (G.3) is obtained by
∫∞
0

Pr(Ψ > g−1(t))dt =
∫
g(t)fΨ (t)dt

transformation between integrals of tail probability and PDF [90] as Ψ is always posi-

tive.
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Similarly, the derivative of the far user capacity can be obtained as

∂Cfar
i,j

∂a
= ∂

∂a

1−a
a∫
0

1
τ+1

Pr
(
Ψj >

τ
1−a−aτ

)
dτ (G.4)

=

1−a
a∫
0

1
τ+1

∂
∂a

(
Pr
(
Ψj >

τ
1−a−aτ

))
dτ − 1

a2
Pr
(
Ψj >

1−a
a

1−a−a 1−a
a

)
= −

1−a
a∫
0

τ
(1−a−aτ)2

fΨj

(
τ

1−a−aτ

)
dτ

= −
∞∫
0

u
1+au

fΨj
(u)du

= −
1/a∫
0

Pr
(
Ψj >

v
1−av

)
dv .

In the second line of equation (G.4), the derivative operator moved inside the integral

by the Leibniz rule [100]. The second term of the second line in equation (G.4) equals

to 0. The third line of equation (G.4) is obtained by the derivative of the CDF of

Ψi is its PDF. The forth line of equation (G.4) is obtained by integral transformation

u = τ
1−a−aτ

. Lastly, the fifth line of equation (G.4) is obtained by the transformation

between integrals of tail probability and PDF [90].

As the users are ordered according to their SINRs, Ψi > Ψj condition is always

true for j > i. By Pr(Ψi > x) > Pr(Ψj > x) condition and equations (G.3) and (G.4),

we can conclude that

∂Cnear
i,j

∂a
> −

∂Cfar
i,j

∂a
(G.5)

condition is always true. Adding equation (G.5) condition to the KKT conditions in

equations (G.2a), (G.2b), and (G.2c), the optimal solution is achieved by selecting the

Lagrangian multipliers as vG.1 = 0 and vG.2 > 0. Therefore, the optimal solution of a

can be calculated by finding the root of Cfar
i,j = ϵ6.1 equation.




